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Abstract: Spectral reflectance measurements collected from hyperspectral and multispectral 
radiometers have the potential to be a management tool for detecting water and nutrient stress in 
turfgrass. Hyperspectral radiometers collect hundreds of narrowband reflectance data compared to 
multispectral radiometers that collect three to ten broadband reflectance data for a cheaper cost. 
Spectral reflectance data have been used to create vegetation indices such as the normalized 
difference vegetation index (NDVI) and the simple ratio vegetation index (RVI) to assess crop 
growth, density, and fertility. Other indices such as the water band index (WBI) (narrowband index) 
and green-to-red ratio index (GRI) (both broadband and narrowband index) have been proposed to 
predict soil moisture status in turfgrass systems. The objective of this study was to compare the 
value of multispectral and hyperspectral radiometers to assess soil volumetric water content (VWC) 
and tall fescue (Festuca arundinacea Schreb.) responses. The multispectral radiometer VI had the 
strongest relationships to turfgrass quality, biomass, and tissue N accumulation during the trial 
period (April 2017–August 2018). Soil VWC had the strongest relationship to WBI (r = 0.60), followed 
by GRI and NDVI (both r = 0.54) for the 0% evapotranspiration (ET). Nonlinear regression showed 
strong relationships at high water stress periods in each year for WBI (r = 0.69–0.79), GRI (r = 0.64–
0.75), and NDVI (r = 0.58–0.79). Broadband index data collected using a mobile multispectral sensor 
is a cheaper alternative to hyperspectral radiometry and can provide better spatial coverage. 

Keywords: tall fescue; turfgrass management; vegetation index; NDVI; drought stress; soil 
volumetric water content; nitrogen availability 

 

1. Introduction 

Turfgrass covers approximately 2% of the continental United States [1]. This makes turfgrass the 
largest irrigated crop in the United States. Sufficient irrigation is necessary to maintain acceptable 
quality turfgrass stands. As water prices increase and availability declines due to climate change and 
increased human demand, water conservation is critical for successful turfgrass management. 
Irrigation strategies that reduce water inputs and maintains turfgrass quality are needed for 
landowners and turfgrass managers. 

Turfgrass managers implement various strategies to optimize the efficiency of irrigation inputs. 
Evapotranspiration (ET)-based irrigation is designed to return less water than actual ET without 
compromising turfgrass quality [2]. Irrigating at 80% ET for cool-season turfgrasses has been widely 
accepted [3,4]. Feldhake et al. [5] and Ervin [6] suggest that ET-based irrigation does not provide adequate 
spatial resolution for the heterogeneity of ET that occurs at a local scale. The use of on-site atmometers is 
a reliable means to predict ET while overcoming the limitation of spatial resolution [2,7,8]. 

Hand-held moisture meters have been employed to assess soil moisture and irrigation needs at 
a fine-scale resolution [9,10]. Time-domain reflectometry (TDR) has been used for smaller landscape 
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areas to directly measure soil volumetric water content (VWC) [11–14]. Time-domain reflectometers are 
hand-held devices that consist of metal rods that emit high-frequency electromagnetic pulses through 
the soil. The velocity of the pulses between the rods can be used to calculate the soil VWC [14,15]. Soil 
VWC measurements by TDR is limited by the time needed to collect data over large areas [4]. Carrow 
et al. [16] proposed using TDR and spectral reflectance mapping as a precision turfgrass management 
strategy to improve irrigation efficiency on a site-specific scale. Spectral reflectance data acquisition 
of turfgrass, via satellite or mobile devices, can contribute greatly to quantifying crop water needs, 
especially if integrated with soil and plant measurements [16,17].  

Turfgrass managers have traditionally relied on visual evaluation to estimate turfgrass health 
status, irrigation or fertilizer needs, damage, or environmental stress [17]. Spectral reflectance data can 
overcome the subjectivity of visual assessments of turfgrass response to management practices [17,18]. 
Spectral reflectance data can be acquired via remote sensing radiometers on ground-based, aircraft, 
or satellite instruments [19]. Hyperspectral radiometers measure reflected energy in hundreds to 
thousands of continuous narrowbands across the electromagnetic spectrum. Multispectral 
radiometers are a less expensive option to measure reflected energy in three to ten broadbands [20]. 
These radiometers can be used in to quantify physiological attributes of healthy and stressed plant 
tissue due to changes in spectral reflectance in the visible red (R), red edge (RE), and near-infrared 
(NIR) regions [21]. Physiological differences have been detected prior to visual stress symptoms in 
various agronomic settings [22–25]. Spectral reflectance measurements have potential as a 
management tool for water and nutrient stress in turfgrass. McCall et al. [26] and Roberson [27] 
demonstrated at the greenhouse scale the detection of water stress using spectral reflectance. 
However, variations in fertility and irrigation strategies, as well as the comparison of multispectral 
and hyperspectral radiometers, are largely unexplored at the field-scale in turfgrass research. 

Agricultural research and management have employed the use of vegetation indices (VI), typically, 
a ratio of two or more spectral bands, derived from spectral data to assess plant responses [28]. The most 
commonly used index for measuring plant performance or stress indicator is the normalized 
difference vegetation index (NDVI):  NDVI = ( )( ), (1) 

The normalized difference vegetation index has demonstrated correlation in turfgrass systems 
to soil moisture, N fertilization, tissue biomass, tissue chlorophyll concentration, and turfgrass 
quality parameters (e.g., color, density, and uniformity) [18,28–36]. Additional VI have shown useful 
in quantifying plant responses. The ratio vegetation index (RVI):  RVI = , (2) 

is sensitive to dense vegetation growth, but insensitive to sparse vegetation cover [28]. In contrast, 
NDVI is more sensitive to sparse vegetation and less sensitive to dense growth. Despite the ability of 
the NDVI and RVI to quantify plant response to fertility or to stress (e.g., soil moisture), it is unable 
to differentiate and determine the cause of the plant response [16].  

Water indices utilizing narrowband spectral reflectance have been used to assess plant water 
status and drought effects [26,37,38]. Water indices have potential for early water stress detection 
independent of other stressors. Water absorption bands exist in the NIR region beyond the 
photosynthetically active radiation (PAR), reducing the confounding effect from other abiotic 
stresses. McCall et al. [26] determined that soil VWC had the strongest correlation to the water band 
index (WBI) (r ≥0.80), followed by the green-to-red ratio index (GRI) (r ≥ 0.50) in a greenhouse study 
assessing creeping bentgrass grown in a sand-based media:  WBI = , (3) 

and GRI = , (4) 
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where R refers to reflectance and the subscripts refer to a specific spectral band. In this same study, 
NDVI did not correlate with soil VWC. Roberson [27] found similar results in various soil textures 
that WBI and GRI were better at detecting moisture stress in comparison to NDVI. It is important to 
gather more information at field-scale regarding WBI and GRI detection of moisture stress, as GRI 
can be used in both hyperspectral and multispectral radiometers. 

Determining the most suitable VI can provide site-specific management strategies regarding 
water stress and N fertility when combined with geographic information systems applications. With 
the advent of unmanned automated systems (drones), the use of spectral reflectance can be a cost-
effective management strategy to rapidly collect large data sets and assess target vegetation stresses in 
real-time. Our research was to test the scalability of previous research conducted by McCall et al. [26] 
and Roberson [27] relating spectral reflectance data to soil VWC and N fertility in a tall fescue (Festuca 
arundinacea Schreb.) urban turfgrass system. The objectives of our study were to (1) compare the 
relationships of various vegetation indices using a traditional broadband, multispectral radiometer 
and a narrowband hyperspectral radiometer to soil VWC, turfgrass quality, and leaf tissue analyses; 
(2) define the relationship of vegetation indices to irrigation strategy; and (3) compare the relationship 
of different vegetation indices to different sources of N fertility including organic sources (exceptional 
quality biosolids-based amendments), a synthetic source (urea), and a blend of the two (exceptional 
quality biosolids-based amendments + urea).  

2. Materials and Methods  

2.1. Study Site Establishment 

This study was conducted from April 2017 to August 2018 at the Virginia Tech Turfgrass 
Research Center in Blacksburg, VA, USA (37°12′54.31″ N, 80°24′42.14″ W) located in Cold Hardiness 
Zone 6b [39]. Mean monthly temperature and precipitation was reported using a nearby weather 
station for 2017 to 2018 [40]. The results presented are part of an ongoing research study assessing 
tall fescue growth and maintenance in an anthropogenically developed clayey soil that began in 
August 2013. Initial site description, field preparation, soil benchmark sampling and analysis, 
irrigation installation, fertility applications, and plant establishment management were reported by 
Badzmierowski et al. [41]. 

2.2. Experimental Design 

The experimental design was a split-plot arrangement of a randomized complete block design 
replicated four times. Main plots were two summer irrigation treatments, and subplots were five soil 
fertility amendments. Irrigation treatments were (1) no water applied during critical summer months 
(0% ET), unless necessary to keep vegetation alive, and (2) water applied to replenish 80% of ET 
during drought-prone (80% ET), high-ET summer months. Irrigation was withheld from all replicates 
of the 0% ET main plot from 18 May–26 July 2017, and 6 June–12 July 2018. Irrigation of all main plots 
to 80% of ET was resumed at the end of each drought stress period. Each main plot was 20.7 × 3.7 m. 

The five subplot treatments were synthetic fertilizer and four exceptional quality (EQ) biosolids 
products applied to provide an estimated annual plant-available nitrogen (PAN) rate of 171 kg PAN 
ha−1. Dimensions of the experimental area were 22.7 × 35.5 m (806 m2). Each subplot was 3.7 × 3.7 m 
and had 0.61-m buffer strips between subplots. 

2.3. Amendment Treatments, Biosolids Analysis, and Soil Fertility 

Three of the four EQ Class A biosolids treatments used in the study were processed at DC Water 
Blue Plains Advanced Wastewater Treatment Plant (DC Water) undergoing thermal hydrolysis and 
anaerobic digestion. The digested biosolids were dewatered and surface applied “as is” or blended 
with sand and sawdust to improve characteristics (i.e., lower moisture and increased carbon) for 
spreading in a turfgrass system. The three DC Water amendments are: (1) dewatered biosolids (DBN), 
(2) dewatered biosolids blended with sand and sawdust (BBN), and (3) dewatered biosolids blended 
with sand and sawdust to supply an annual P rate as recommended by Virginia Tech Soil Testing 
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Laboratory soil test analysis plus supplemental S-coated urea fertilizer to provide equal annual PAN 
ha−1 (BBP). The fourth biosolids treatment was anaerobically digested, dewatered biosolids compost 
(CBN) produced at Spotsylvania County (Virginia, USA) Livingston.  

The fifth amendment treatment was synthetic fertilizer N (as S-coated urea) (FER). Triple 
superphosphate (0–46–0 N–P–K) and muriate of potash (0–0–60 N–P–K) applications for 2017 to 2018 
were adjusted for the synthetic fertilizer treatment plots and biosolids treatment plots, based on 
September 2015 soil test results [41].  

Fertility amendments were applied on 29 March 2017 (24.4 kg PAN ha−1), 20 September 2017 
(73.1 kg PAN ha−1), 18 October 2017 (73.1 kg PAN ha−1), and 3 April 2018 (24.4 kg PAN ha−1). 

2.4. Sampling and Analysis 

2.4.1. Spectral Reflectance Measurements 

Spectral reflectance data were collected using two independent tools. The Spectral Evolution 
PSR-1100F is a handheld portable field radiometer (Spectral Evolution, Lawrence, MA, USA) fitted 
with a contact probe measuring a spot size of 2.5 cm directly from the canopy surface. A total of 512 
unique spectra were sampled from 320 to 1100 nm at a 1.4-nm sampling bandwidth and a 3-nm 
spectral resolution. A BaSO4 white panel was used to calibrate a reference by placing the probe 
directly on the panel surface prior to each replication. Four spot measurements were taken walking 
a linear path in the middle of each experimental unit.  

A second handheld multispectral radiometer, the Crop Circle ACS-430 (Holland Scientific, Inc., 
Lincoln, NE, USA), was mounted to a Bag Boy Quad Plus pushcart (Bag Boy Company, Richmond, 
VA, USA) to measure broadband VI. The sensor simultaneously measures crop and soil reflectance 
fixed at broadbands red = 670 nm, red edge = 730 nm, and near infrared = 780 nm. The hyperspectral 
radiometer spectral indices NDVI, RVI, and GRI were calculated using the equivalent spectra to the 
Crop Circle ACS-430 filters (670, 730, and 780 nm) (Table 1), while maintaining the principles 
described in the literature and in Equations (1)–(4) [42–44]. The Crop Circle ACS-430 was mounted 
at a stationary height of 46 cm above the turf canopy and set to collect 10 samples per second. 
Radiometer measurements commenced at the edge of each plot and took an average of 100 readings 
per 3.7 m of linear travel through the center of each subplot. Spectral reflectance sampling was 
conducted prior to mowing and taken to coincide with other turfgrass and soil measurements. 

Previous greenhouse turfgrass trials conducted by McCall et al. [26] and Roberson [27] were 
used as the basis for determining indices to assess soil moisture status and turfgrass parameters 
(Table 1). Both studies aimed to develop relationships of soil moisture status and health of turfgrass 
using various vegetation indices. Based on their findings, WBI and GRI were significantly related to 
soil VWC. The WBI and GRI were analyzed using the hyperspectral radiometer as the manufactured 
filter of the Crop Circle ACS-430 cannot measure the required wavelengths. Both the Crop Circle 
ACS-430 and the hyperspectral radiometer were used for turfgrass growth and quality relationships 
to compare the continuous data collection of the Crop Circle ACS-430 and the individual points 
measured by the handheld hyperspectral radiometer. 

2.4.2. Turfgrass and Soil Sampling 

Turfgrass clipping and N analysis of tissue content remained the same as reported in 
Badzmierowski et al. [41]. Turfgrass clipping yield was collected every other week throughout the 
growing season by mowing a single pass down the center of each plot. During weeks when yields 
were not collected, all plots were mulched, and clippings were left in place. All biomass clippings 
were dried for 48 h at 60 °C and the dry clipping biomass was recorded. The biomass was ground to 
pass through a 0.5 mm sieve and subjected to a high-heat combustion chamber at 1200 °C for the 
determination of tall fescue leaf total N concentration. Clipping tissue N accumulation was calculated 
as the product of biomass and N concentration. 
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Table 1. Listing of vegetation indices investigated for correlation to tall fescue quality, biomass, tissue 
N accumulation, and soil volumetric water content. 

Acronym Index Name 1 Formula Used Citation 
NDVI Normalized difference vegetation index(NIR− R)/(NIR + R) Rouse et al. 1974 2 
RVI Simple ratio vegetation index NIR/R Birth and McVey 1968 
GRI Green to red ratio index R550/R670 Gamon and Surfus 1999
WBI Water band index R900/R970 Penuelas et al. 1993 

1 NDVI and RVI were collected using the Crop Circle ACS-430 and hyperspectral radiometer. The 
green-to-red ratio index (GRI) and water band index (WBI) was only measured using the 
hyperspectral radiometer as the ACS-430 model cannot measure the required wavelengths; 2 
Formulas were modified to use spectra equivalent to filters used on the Crop Circle ACS-430 
multispectral radiometer (red = 670 nm, red edge = 730 nm, and near infrared = 780 nm). 

Turfgrass quality ratings were assigned by visual assessment based on guidelines established 
by the National Turfgrass Evaluation Program [45]. Visual assessment integrates turfgrass color, 
density, uniformity, and leaf texture and rates the turfgrass stand on a scale of 1 to 9, where 9 indicates 
an ideal turfgrass stand, 6 is the minimum acceptable quality, and 1 indicates the turfgrass is dormant 
or dead. 

Soil VWC was collected from each subplot using a Field Scout TDR 300 (Spectrum Technologies, 
Inc., Plainfield, IL, USA) fitted with two 7.6 cm length, stainless steel turf rods. The average of four 
replicates for each subplot were recorded. Measurements were taken on turfgrass sampling dates. 

2.5. Statistical Analysis 

The spectral reflectance vegetation indices, visual turfgrass quality, tissue biomass, leaf tissue N 
accumulation, and soil VWC, were subjected to a mixed model. The model was partitioned to reflect 
main factors (with and without irrigation), subfactors (amendment types), blocking factor, year, and 
their interactions using an auto-regressive repeated measures mixed model in JMP Pro software (SAS 
Institute, v. 14.1, Cary, NC, USA). Pearson correlation coefficients were calculated to assess the 
relationships among response variables. Non-normal data were transformed using a box-cox 
transformation. Nonlinear regression was performed on an individual basis comparing various 
multispectral and hyperspectral relationships to selected turfgrass and soil variables using a four-
parameter logistic model. Means were separated using a Student’s t-test or a Tukey’s post hoc test (p 
≤0.05) when appropriate. 

3. Results and Discussion 

3.1. Weather 

The research location experienced similar monthly average temperatures compared to the 30-
year mean during the trial period (March 2017–August 2018) (Figure 1). Cumulative monthly 
precipitation was variable (Figure 1). The below average precipitation from in the summer of 2017 
and 2018 provided the opportunity to impose two drought cycles on the tall fescue. 

3.2. Overall Study Statistical Trends 

Significant and strong relationships were observed in indices compared (Table 1) to each other 
from both radiometer instruments (data not shown). The NDVI and RVI from both instruments and 
the GRI and WBI measured from the hyperspectral instrument are discussed in this study. These 
indices were chosen due to their common use by plant scientists (NDVI), have been suggested to be 
more applicable to turfgrass systems (RVI), or exclude chlorophyll-related effects on water content 
estimation (WBI) [16,38,46,47]. 
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(a) (b) 

Figure 1. Monthly air temperature (a) and cumulative monthly precipitation (b) as measured by a 
local National Oceanic and Atmospheric Administration weather station (March 2017 to August 2018) 
vs. the 30-year mean for Blacksburg, VA, USA. 

The only dependent variable for which treatment interaction occurred was tall fescue quality 
RVIcc, where “cc” represents VI data collected by the Crop Circle ACS-430 (Tables 2 and 3). The main 
factor (irrigation) elicited significant effects on all variables. Relationships were assessed separating 
the 0% ET and 80% ET main plots. The subfactor, fertility amendment, affected all turfgrass variables 
and soil VWC. Fertility amendments had no effect (p >0.05) on VI measured by the hyperspectral 
radiometer but did yield a response in VI measured by the Crop Circle ACS-430 multispectral 
radiometer. Crop Circle ACS-430 Vis, denoted with “cc”, were additionally assessed by separating 
the fertility amendments. 

Table 2. Mixed model effects p-values for tall fescue quality, biomass, leaf tissue N accumulation, and 
soil volumetric water content (VWC). 

Source 
Tall Fescue 

Quality 
Tall Fescue 

Biomass 
Tissue N 

Accumulation 
Soil VWC 

Irrigation (Irr.) <0.0001 0.002 0.0002 <0.0001 
Fertility (Fert.) <0.0001 0.0003 0.0007 <0.0001 

Block 0.025 --- --- <0.0001 
Year --- 0.0002 --- --- 

Irr. × Fert. --- --- --- --- 
Irr. × Block --- --- --- --- 
Irr. × Year 0.002 --- --- --- 

Irr. × Fert. × Block --- --- --- --- 
Irr. × Fert. × Year --- --- --- --- 
Irr. × Block × Year --- --- --- --- 

Fert. × Block --- --- --- --- 
Fert. × Year --- --- --- --- 

Fert. × Block × Year --- --- --- --- 
Block × Year --- --- --- --- 

Irr. × Fert. × Block × Year --- --- --- --- 

Table 3. Mixed model effects p-values for spectral reflectance vegetation indices using a multispectral 
and hyperspectral radiometer for all dates of the trial. 

Source NDVI 1 NDVICC RVI RVICC GRI WBI 
Irrigation (Irr.) <0.0001 <0.0001 <0.0001 <0.00010.0007 0.0006
Fertility (Fert.) --- 0.016 --- 0.012 --- --- 

Block --- --- --- --- --- --- 
Year --- 0.0004 --- <0.0001 --- --- 

Irr. × Fert. --- --- --- --- --- --- 
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Irr. × Block --- --- --- --- --- --- 
Irr. × Year --- --- --- --- --- --- 

Irr. × Fert. × Block --- --- --- --- --- --- 
Irr. × Fert. × Year --- --- --- --- --- --- 
Irr. × Block × Year --- --- --- --- --- --- 

Fert. × Block --- --- --- --- --- --- 
Fert. × Year --- --- --- 0.044 --- --- 

Fert. × Block × Year --- --- --- --- --- --- 
Block × Year --- --- --- --- --- --- 

Irr. × Fert. × Block × Year --- --- --- --- --- --- 
1 NDVI, normalized difference vegetation index; RVI, simple ratio vegetation index; GRI, green-to-
red ratio index; WBI, water band index. Multispectral Crop Circle ACS-430 calculated indices 
represented by “cc”. Indices not denoted with “cc” were calculated by the hyperspectral radiometer. 

3.3. Irrigation Effects on Tall Fescue Responses, Soil Volumetric Water Content, and Spectral Indices  

Irrigating throughout the year at 80% ET resulted in greater soil VWC and improved tall fescue 
biomass, tissue N accumulation, and visual quality compared to plots that experienced drought 
during summer months (0% ET) (Table 4). This was expected as water is a limiting factor for growth.  

Table 4. Irrigation strategies effects on turfgrass biomass, leaf tissue N accumulation, and visual 
quality of tall fescue. Means reported are the average among the sampling dates for each year. 
Sampling was conducted between April and October for 2017 and between April and August of 2018. 

 Tall fescue Quality 1 Biomass Tissue N Accumulation 2 Soil VWC 3 

Treatment 2017 2018 2017 2018 2017 2018 2017 2018 
  kg ha−1 kg ha−1 % 

0% ET 4  6.1b 5 5.8b 80.8b 102b 3.0b 3.5b 40b 39b 
80% ET 6.6a 7.2a 114a 156a 4.8a 5.7a 49a 51a 

1 Visual quality ratings are rated on a scale of 1 to 9, where 9 indicates an ideal turfgrass stand, 6 is 
the minimum acceptable quality, and 1 indicates the turfgrass is dormant or dead; 2 Based on the 
product of tissue N% and biomass; 3 Soil volumetric water content (VWC) determined using time-
domain reflectometry TDR; 4 0% evapotranspiration (ET), no irrigation was applied during summer 
stress months unless crop death was imminent and 80% ET, irrigation was applied at 80% of measured 
evapotranspiration. 5 Means in the same column followed by the same lowercase letter are not 
significantly different at p <0.05. 

Pearson correlation coefficients were separated by main factor (irrigation) to examine the 
relationships between indices analyzed and instrument used (hyperspectral vs. multispectral) since 
all indices were significantly affected by irrigation treatment (p <0.001, Table 3). All spectral indices for 
both instruments resulted in greater values in the 80% ET compared to the 0% ET treatment (Table 5). 
This correlates to the observed increase of turfgrass response and soil VWC in the 80% ET for 2017 
and 2018 (Table 4). 

3.4. Irrigation Effects on Measurement Correlations 

Each index was significantly (p <0.0001) related to all tall fescue responses (Table 6). All indices 
were more associated to the corresponding tall fescue measurement for the 0% ET treatment (r = 0.39–
0.83) than the 80% ET treatment (r = 0.32–0.81). The indices measured by the Crop Circle ACS-430 
was best at estimating overall turfgrass quality (0% ET r = 0.77–0.81; 80% ET r = 0.54–0.63), where 
NDVI provided the best estimate for both irrigation treatments. The ability of the Crop Circle ACS-
430 to obtain data faster and over a larger area provided a better representation of turfgrass quality 
compared to the isolated spot measurements using the hyperspectral radiometer (0% ET r = 0.65–
0.75; 80% ET r = 0.24–0.38). The same trends were observed for biomass and tissue N accumulation. 
Increased correlation was observed for 0% ET vs. 80% ET and the Crop Circle ACS-430 was a better 
estimator of biomass and tissue N accumulation. The RVIcc was the most related index to biomass 
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and tissue N accumulation (r = 0.76–0.83). This matches reports that RVI is a better index than NDVI 
for established turfgrass systems because of the near-complete canopy coverage [47].  

Table 5. Irrigation strategies effects on spectral indexes. Means reported are the average among the 
sampling dates for each year. Sampling was conducted between April and October for 2017 and 
between April and August of 2018. 

 NDVI 1 NDVIcc RVI RVIcc GRI WBI 
Treatment 2017 2018 2017 2018 2017 2018 2017 2018 2017 2018 2017 2018 

0% ET 2 0.69b 3 0.69b 0.70b 0.70b 7.5b 7.2b 6.5b 7.5b 1.8b 1.7b 1.02b 1.02b 
80% ET 0.73a 0.77a 0.76a 0.83a 8.2a 9.2a 8.4a 11a 1.9a 1.9a 1.03a 1.03a 
1 NDVI, normalized difference vegetation index; RVI, simple ratio vegetation index; GRI, green-to-
red ratio index; WBI, water band index. Multispectral Crop Circle ACS-430 calculated indices 
represented by “cc”. Indices not denoted with “cc” were calculated by the hyperspectral radiometer; 
2 0% evapotranspiration (ET), no irrigation was applied during summer stress months unless crop 
death was imminent and 80% ET, irrigation was applied at 80% of measured evapotranspiration; 3 
Means in the same column followed by the same lowercase letter are not significantly different at p 
<0.05. 

Table 6. Pearson correlation coefficients (r) between turfgrass quality, tissue N content, tissue 
biomass, soil volumetric water content (VWC), and vegetation indices derived from spectral 
reflectance of tall fescue grown in Blacksburg, VA utilizing two irrigation strategies. 

Turfgrass Quality Biomass Tissue N Accumulation 
(kg ha−1) 

Soil VWC 

Index 0% ET 180% ET0% ET 80% ET 0% ET 80% ET 0% ET 80% ET
NDVI 2 0.75 * 0.38 0.64 0.49 0.62 0.48 0.54 NS 
NDVICC 0.81 0.63 0.70 0.75 0.68 0.70 0.49 NS 

RVI 0.65 0.32 0.64 0.44 0.64 0.46 0.49 NS 
RVICC 0.77 0.54 0.83 0.81 0.78 0.76 0.42 NS 
GRI 0.70 0.24 0.64 0.29 0.62 0.30 0.54 NS 
WBI 0.71 0.24 0.66 0.30 0.65 0.32 0.60 0.17 

1 0% evapotranspiration (ET), no irrigation was applied during summer stress months unless crop 
death was imminent; 80% ET, irrigation was applied at 80% of measured evapotranspiration; 2 NDVI, 
normalized difference vegetation index; RVI, simple ratio vegetation index; GRI, green-to-red ratio 
index; WBI, water band index. Multispectral Crop Circle ACS-430 calculated indices represented by 
“cc”. Indices not denoted with “cc” were calculated by the hyperspectral radiometer; * All significant 
at p <0.001 except for soil volumetric water content (VWC) × WBI 80% ET (p <0.01) and those denoted 
as “NS” are not significant at p = 0.05. 

Nonlinear regression using a four-parameter logistic model of representative indices and tall 
fescue responses highlight the need for variability in data collected and collecting more data using 
tools like the Crop Circle ACS-430 radiometer (Figure 2; Table 7). The multispectral Crop Circle ACS-
430 outperformed the hyperspectral radiometer in correlation to turfgrass quality and biomass for all 
dates except for RVI x biomass on 6 June 2018. This is most likely a result of the collection of 
approximately 100 readings per experimental unit vs. the four readings per experimental unit using 
the hyperspectral radiometer. The NDVIcc was strongly correlated to the maximum drought day 
during each year (26 July 2017: r = 0.87; 12 July 2017: r = 0.98). The maximum drought day was 
considered when irrigation was needed to prevent crop failure. Figure 2 emphasizes that the indices 
performed well during drought stress that 12 July 2018 had a r2 = 0.98 compared to other assessment 
dates when no visible drought stress was evident. Dates such as 2 May 2018 were poorly correlated 
as a consequence of a lack of variation in data (Figure 2). Well-maintained turfgrass (e.g., irrigation 
and fertilization) was not able to be used in developing strong index relationships due to a lack of 
stress and thus, a lack of variation in the data. The RVIcc had strong relationships to tall fescue 
biomass (r = 0.61–0.93) with the exceptions of 23 May 2018 and 6 June 2018 (Table 7).  
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Figure 2. Example of nonlinear four parameter logistic regression used for the normalized difference 
vegetation index measured by the Crop Circle ACS-430 (NDVIcc) on the individual dates of 2 May 
2018 and 12 July 2018. 

Table 7. Coefficient of determination (r2) of individual dates comparing hyperspectral and 
multispectral responses between vegetation indices and measured turfgrass parameters using a 
nonlinear regression four-parameter logistic model. 

Index 
18 

May 
2017 

14 
June 
2017 

28 
June 
2017 

12 
July 
2017 

26 
July 
2017 

16 
August 

2017 

13 
September 

2017 

29 
September 

2017 

10 
November 

2017 

18 
April 
2018 

2 
May 
2018 

23 
May 
2018 

6 
June 
2018 

19 
June 
2018 

12 
July 
2018 

19 
July 
2018 

9 
August 

2018 

NDVI 1 × 
Turfgrass 

Quality (TQ) 2 
0.06 0.16 --- 3 0.26 0.69 --- --- 0.22 0.01 0.04 0.04 0.11 0.20 --- 0.90 --- 0.27 

NDVIcc × TQ 0.35 0.69 0.77 0.61 0.81 0.79 0.81 0.56 --- --- 0.06 0.15 0.29 0.91 0.98 0.93 0.76 
RVI × 

Biomass 4 
--- 0.11 --- 0.34 0.62 --- --- 0.06 0.15 0.04 --- 0.32 0.33 --- 0.72 --- 0.34 

RVIcc × 
Biomass --- 0.81 0.84 0.83 0.85 0.84 0.93 0.64 --- --- --- 0.34 0.11 0.77 0.83 --- 0.61 

1 NDVI, normalized difference vegetation index; RVI, simple ratio vegetation index. Multispectral 
Crop Circle ACS-430 calculated indices represented by “cc”. Indices not denoted with “cc” were 
calculated by the hyperspectral radiometer; 2 Relationship between turfgrass quality (TQ) and NDVI 
and NDVIcc by date; 3 Dashes indicate measurement unable to be taken on that date; 4 Relationship 
between tall fescue biomass and RVI and RVIcc by date. 

All indices were more associated with soil VWC for the 0% ET treatment than the 80% ET treatment 
(Table 6). The WBI, GRI, and NDVI indices were the strongest correlated to soil VWC in the 0% ET 
treatment (r = 0.60, 0.54, and 0.54, respectively). The lack of correlation to soil VWC for the 80% ET 
suggests that the well-watered turfgrass was influenced by other factors (e.g., nutrient availability). 
Indices related to chlorophyll pigments such as NDVI are likely not a good indicator of water 
availability prior to drought stress as its decline only comes after drought stress [26]. The red reflectance 
used in NDVI is known to be significantly affected by chlorophyll content and absorption [48]. DaCosta 
et al. [49] found that chlorophyll concentrations decrease with drought stress. The WBI can provide 
a better indication of water stress prior to chlorophyll degradation as it utilizes reflectance outside 
the PAR.  

Nonlinear regression using a four-parameter logistic of WBI and GRI by date provides evidence 
that these indices can be used as a soil moisture management tool once relationships between spectral 
reflectance and soil and turfgrass parameters have been fully established. While WBI continues to be 
a narrowband index that is closely associated with drought stress, we also examined the GRI as a 
cheaper alternative to WBI with more immediate practical application. In 2017, as drought is imposed 
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in early summer the WBI and GRI have low correlation to soil VWC (Figure 3). As the soil dries down, 
the relationship between the indices and VWC increases and the strongest relationship for both WBI 
(r2 = 0.69) and GRI (r2 = 0.64) occurs at the maximum drought day (26 July 2017) (Figure 4). This agrees 
with Figure 2 where increased variability of data provided stronger relationships. Nonlinear four 
parameter logistic regression indicates that the inflection point occurs at 36% soil VWC for WBI and 
38% soil VWC for GRI. After this date, irrigation was applied to all plots and the relationship between 
indices and soil VWC was no longer significant (p > 0.15–0.84) for the remainder of 2017. A similar 
trend was observed in 2018 (Figure 3). During dates of limited water stress, there is a lack of strong 
correlation between indices. The greatest water stress date measured in 2018 (12 July 2018) indicated 
the strongest relationship of all dates measured (WBI: r2 = 0.79; GRI: r2 = 0.75) (Figure 5). Nonlinear 
four-parameter logistic regression indicates that the inflection point occurs at 32% soil VWC for both 
WBI and GRI. The results from 2017 and 2018 suggest that the onset of drought stress in tall fescue 
around 32–38% soil VWC, meaning that the soil VWC should be maintained above this level to 
prevent drought stress for tall fescue in a clay soil. Indices were separated by date as the pooled data 
for both irrigation treatments across all dates resulted in weak relationships for WBI (r2 = 0.20) and 
GRI (r2 = 0.21) to soil VWC. 

We believe that with increased sampling frequency and data points, predicting water stress prior 
to the onset of visible symptoms could be accomplished using indices such as WBI and GRI. This was 
observed in a greenhouse trial by Roberson [27], where WBI and GRI detected moisture stress 27 h 
before NDVI. More research into validating the GRI as a water stress predictor should be prioritized 
as it is a far cheaper option compared to WBI. Determining turfgrass quality reduction by using 
indices in combination such as the NDVIcc and WBI or GRI can potentially provide indication of 
stress such as drought stress or quality reductions due to other stresses such as fertility. 

 
Figure 3. Nonlinear four parameter logistic regression between soil volumetric water content (VWC) 
and the narrowband water band index (WBI) and the green-to-red ratio index (GRI) by date. 
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Figure 4. Nonlinear four parameter logistic regression for the green-to-red ratio index (GRI) and the 
water band index (WBI) compared to soil volumetric water content (VWC) for 26 July 2017. 

 
Figure 5. Nonlinear four parameter logistic regression for the green-to-red ratio index (GRI) and the 
water band index (WBI) compared to soil volumetric water content (VWC) for 12 July 2018. 

3.5. Fertility Effects on Tall Fescue Responses, Soil Volumetric Water Content, and Spectral Indices 

Fertility treatment affected all measured turfgrass and soil variables (Table 2). Only indices 
measured by the multispectral Crop Circle ACS-430 detected significant differences among fertility 
amendments (Table 3). This provides further evidence that more information can be obtained from a 
radiometer that can cover a large area in a cost-effective manner. Biosolids-based amendments 
applied at the agronomic N rate (BBN, CBN, and DBN) resulted in increased turfgrass quality, 
biomass, and tissue N accumulation compared to BBP and FER in 2017 (Table 8). In the following 
year, BBN and CBN had yielded the greater turfgrass quality, biomass, and tissue N accumulation. 
The improved tall fescue response from the BBN, CBN, and DBN amendments is most likely a result 
of a long-term accumulation of benefits (e.g., slow release of nutrients and reduced soil bulk density) 
derived from multiple applications of organic matter and organic N inputs beginning in 2013 [41].  

The NDVIcc and RVIcc response to fertility treatment was similar to the turfgrass fertility 
response trends (Table 8). The NDVIcc measurements matched the biomass response of 2017, where 
BBN, CBN, and DBN had increased measured response by NDVIcc (0.75, 0.76, and 0.75, respectively) 
and lowered measurement response for BBP and FER (0.70 and 0.68, respectively). The RVIcc 
measurements matched and were strongly correlated (r = 0.51–0.92) to the tissue N accumulation of 
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2017, where BBN and CBN had increased measured response by RVIcc and lowered measurement 
response in BBP and FER (Tables 8 and 9). The NDVIcc was unable to detect differences between 
fertility treatments in 2018, whereas RVIcc measurement response was similar to the trends observed 
in turfgrass parameters (Table 8). This provides further evidence that the RVI is a better option for 
established turfgrass systems [47]. 

Soil VWC was greatest in FER and BBP during 2017 (Table 8). This most likely relates to the tall 
fescue responses observed in 2017. The FER and BBP had the lowest biomass and quality ratings, 
suggesting that water was remaining in the soil. This contrasts to the BBN, CBN, and DBN 
amendments that had increased biomass and quality, suggesting that water was translocated from 
the soil pores to the leaf tissue. In 2018, only the BBN resulted in lower soil VWC despite similar 
values reported in 2017. Greater variability in the data is a possible explanation for the muted 
response in 2018 soil VWC. Increased strength between indices and soil VWC relationships were 
observed in 2018 (r = 0.66–0.78) despite the lack of significant difference in soil VWC during 2018 
(Tables 8 and 9). This data contributes to the idea that NDVI and RVI are not able to adequately 
differentiate the cause of the plant response (e.g., soil moisture vs. fertility) [16]. 

Table 8. Fertility amendments effects on turfgrass quality, biomass, leaf tissue N accumulation, soil 
volumetric water content (VWC), normalized vegetation index (NDVI) and simple ratio vegetation 
index (RVI). Means reported are the average among the sampling dates for each year. Sampling was 
conducted between April and October for 2017 and between April and August of 2018. 

 Tall Fescue Quality 1 Biomass Tissue N Accumulation 2 Soil VWC 3 NDVIcc 4 RVIcc 
Treatment 5 2017 2018 2017 2018 2017 2018 2017 2018 2017 2018 2017 2018 

   kg ha−1 kg ha−1 %     
FER 4.9d 6 5.7d 54.5b 90.0c 2.1c 2.9c 49a 48a 0.68b 0.75a 5.9c 8.67b 
DBN 6.7b 6.5bc 97.5a 126b 3.7b 4.6ab 46bc 45a 0.75a 0.76a 7.8b 8.89ab 
BBN 7.4a 7.0ab 139a 162a 6.0a 6.0a 37d 38b 0.77a 0.77a 8.9a 9.98ab 
BBP 5.6c 6.2cd 74.4b 101bc 2.9c 3.4bc 47ab 47a 0.70b 0.76a 6.4c 9.33ab 
CBN 7.4a 7.2a 122a 165a 4.8ab 6.0a 44c 45a 0.76a 0.78a 8.5ab 10.2a 
1 Visual quality ratings are rated on a scale of 1 to 9, where 9 indicates an ideal turfgrass stand, 6 is 
the minimum acceptable quality, and 1 indicates the turfgrass is dormant or dead; 2 Based on the 
product of tissue N% and biomass. 3 Soil volumetric water content determined using time-domain 
reflectometry TDR; 4 NDVI, normalized difference vegetation index; RVI, simple ratio vegetation 
index. Multispectral Crop Circle ACS-430 calculated indices represented by “cc”; 5 FER, annually 
applied synthetic N–P–K fertilizer; DBN, biosolids applied annually at an agronomic N rate; BBN, 
blended biosolids–sand–sawdust applied annually at an agronomic N rate; BBP, blended biosolids–
sand–sawdust applied annually at an agronomic P rate plus supplemental fertilizer N; CBN, 
composted biosolids applied annually at an agronomic N rate; 6 Means in the same column followed 
by the same lowercase letter are not significantly different at p <0.05. 

Table 9. Pearson correlation coefficients (r) between turfgrass quality, leaf tissue N accumulation, soil 
volumetric water content (VWC), and vegetation indices derived from traditional multispectral Crop 
Circle ACS-430 of tall fescue grown under five different fertility amendments in Blacksburg, VA. 

Turfgrass Quality Tissue N Accumulation (kg ha−1) Soil VWC 
 2017 2018 2017 2018 2017 2018 

Index NDVIcc 1 RVIcc NDVIccRVIcc NDVIcc RVIcc NDVIcc RVIcc NDVIcc RVIccNDVIcc RVIcc
FER 2 0.68 * 0.59 0.83 0.73 0.38 0.51 NS NS NS NS 0.71 0.66 
BBN 0.67 0.44 0.90 0.84 0.63 0.86 0.25 0.49 0.36 0.33 0.68 0.78 
BBP 0.53 0.40 0.82 0.73 0.80 0.92 −0.74 −0.46 0.27 NS 0.70 0.76 
DBN 0.41 0.23 0.87 0.82 0.66 0.86 0.46 0.59 0.39 0.30 0.66 0.70 
CBN 0.47 0.30 0.87 0.82 0.72 0.91 −0.43 NS 0.47 0.42 0.69 0.77 
1 NDVI, normalized difference vegetation index; RVI, simple ratio vegetation index; 2 FER, annually 
applied synthetic N–P–K fertilizer; BBN, blended biosolids–sand–sawdust applied annually at an 
agronomic N rate; BBP, blended biosolids–sand–sawdust applied annually at an agronomic P rate 
plus supplemental fertilizer N; DBN, biosolids applied annually at an agronomic N rate; CBN, 
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composted biosolids applied annually at an agronomic N rate; * All significant at p <0.001 except those 
denoted as NS which are not significant at p = 0.05. 

3.6. Practical Management Implications 

Our data shows the need for continuous measurements across turfgrass systems to provide an 
adequate spatial representation as opposed to limited data collection points. Collecting spectral 
reflectance data at different heights, including the use of unmanned aerial vehicles, and direct 
measurements of turfgrass and soil parameters for validation should be conducted in turfgrass 
research to enable faster data collection over larger areas and continue the development of spectral 
indices’ relationships to measured variables. Our data contributes to this growing dataset that shows 
how spectral indices could be used to monitor drought stress. Specifically, our data shows tall fescue 
spectral response under heavy clay soils, which is a prevalent turfgrass-soil system in the transition 
zone of the United States. Spectral reflectance of various turfgrasses grown on varying soils types 
should respond differently when subjected to insufficient moisture availability [27]. Despite the 
strong correlation of WBI to soil moisture stress, it requires narrowband reflectance which increases 
costs and limits the number of samples collected. The GRI may be calculated using simple digital 
imagery. This allows for a more robust and rapid dataset collection across larger surfaces that may 
yield quicker development of vegetation indices relationships to measured variables. 

4. Conclusions 

Turfgrass management strategies that reduce water inputs and maintain turfgrass quality are 
needed for landowners and turfgrass managers. This research determined the value of spectral 
reflectance data collected from handheld hyperspectral and mobile multispectral radiometers as 
management tools to detect water and nutrient stress in turfgrass. In almost all responses measured, 
the multispectral radiometer outperformed the hyperspectral radiometer for evaluating moisture and 
nutrient relationships due to increased data collection. Spectral indices were best for detecting 
differences in turfgrass and soil responses when there was stressed and well-maintained turfgrass 
tissue. This variability was essential to form strong relationships between spectral indices and 
turfgrass and soil responses. Water stress was best determined using the water band index and green-
to-red ratio index. The strong relationships to soil volumetric water content suggests that these 
indices can be used at the field scale as a potential tool in turfgrass water management. Continued 
research using the water band index and green-to-red ratio index with ground validation 
measurements should be conducted to improve relationships and determine soil volumetric water 
contents that should be maintained before visible drought stress. The detection of differences as a 
result of N fertility source was only able to be captured by the increased data collection from the 
mobile multispectral radiometer. The simple ratio vegetation index was best correlated to growth 
and quality of the established turfgrass stands. Increased sampling frequency and data collection of 
various turfgrass-soil systems should advance the turfgrass industry and managers in their ability to 
reduce their water usage and maintain turfgrass quality using spectral indices. 
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