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ABSTRACT 
 

The purpose of this research is to simulate the soil water content of a two-year guayule 

crop grown in sandy loam soil with both furrow and subsurface drip irrigation (SDI) treatments 

using the WINDS model. The simulated soil water content was compared to actual soil moisture 

measurements taken by a neutron moisture meter (NMM) in order to calibrate the model. The 

irrigation experiment implemented six irrigation treatments where five of them were subsurface 

drip irrigation, (SDI) with application rates of 50, 75, 100, 125, and 150% of estimated crop 

evapotranspiration [ET] (D50, D75, D100, D125, and D150). The D100 was the control treatment. 

There was also a 100% flood irrigation treatment (F100). The experiment consisted of a split-plot 

design with field location as the main plot and the treatments as the split-plots. The treatments 

were randomly assigned in each block area. 

One objective of this research is to model the wetting patterns and soil water content of 

guayule with SDI. This is done through a configuration process that adjusts the fraction of total 

wetted width of soil layers in the soil profile. Establishing a reliable configuration process was 

critical towards creating WINDS soil moisture simulations for guayule. In addition to the fraction 

wetted procedure, other configuration-based activities consist of setting root growth curves, ET 

fraction changes for layers in the root zone and creating plant growth and crop coefficient curves 

that rely upon remote sensing measurements. In addition, soil property calibration methods were 

established based on observed moisture contents in the field. The primary soil parameters in this 

research were field capacity (FC) and permanent wilting points (PWP) for the soil layers. 
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Chapter 1: Introduction 

 
1.1 Explanation of the problems, objectives and uniqueness of the research 

 
As the world’s population continues to increase, there will be a need to have adequate 

supplies of freshwater to irrigate crops, both for food and industrial applications. About one-third 

of the world population lives in dryland regions, which include desert, semi-desert, grasslands, and 

rangelands (UNDDD, 2011). Most of the freshwater supply in these areas consists of groundwater 

where at least 80 – 90% of it is utilized for agricultural purposes (Chowdhury & Al-Zahrani, 2015). 

In the Sonoran Desert region of Arizona, all agricultural areas will depend upon groundwater as 

the supply of Central Arizona Project (CAP) water will be eliminated by 2030 (CAWCD, 2002), 

possibly earlier. Strategies meant to conserve groundwater supplies consist of utilizing Best 

Management Practices (BMP) that are managed by the Arizona Department of Water Resources 

(ADWR, 2020). Some of these practices include setting up SDI systems and educating farmers 

about irrigation scheduling. SDI is an efficient irrigation method because it delivers water to the 

root zone area. This also results in less water consumption because of reduced evaporation and 

deep percolation. 

The WINDS model [Water-use, Irrigation, Nitrogen, Drainage, Salinity] (Waller and Yitayew, 

2015) is a computer program that has potential uses as a research tool, and for irrigation 

management and modeling applications. The power of WINDS as a research tool is its ability to 

simulate water content in soil layers, transpiration fractions from soil layers, and water flux in soils. 

WINDS can accurately model soil moisture content levels in a multi-layered soil profile based on 

inputs such as irrigation amounts, weather information, plant growth parameters, crop coefficient 

values and soil property data. WINDS also has the potential to serve as an irrigation management 
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application that indicates the date of irrigation and amount of water to apply based upon past and 

projected water depletion levels in the soil (Waller, 2021). Its configuration as a one-dimensional 

daily simulation tool is a major advantage over more complex 2- and 3-dimensional models of the 

soil profile, which produce extensive data and have high computational requirements. Thus, they 

cannot be managed economically with an online database for online irrigation scheduling. 

The WINDS program implements several soil water movement routines that assist with the 

accurate calculation of water content values in all soil layers. These modules include a one- 

dimensional soil water balance (SWB), a tipping bucket model for large infiltration events, a root 

water uptake method that governs transpiration, and a Richards’ equation algorithm that 

determines soil water movement between infiltration events. WINDS can be thought of as a 

versatile irrigation management application because it has been applied to different types of 

crops, irrigation methods and soil types. This is important because each farm is different and 

therefore, various physical conditions must be accounted for if accurate soil moisture modeling is 

to take place. 

Another practice that can help conserve water in desert regions is to cultivate crops that 

are drought tolerant or consume less water. Several industrial crops are drought tolerant: sweet 

sorghum, Russian thistle, guar and guayule (Pan et al., 2001; Shrestha et al., 2021; NAS, 1977; 

Calvino & Messing, 2012). Guayule might have high economic potential because of the need to 

have an alternative domestic supply of natural rubber for vehicle tire production. The USDA-NIFA 

project SBAR (Sustainable Bioeconomy for Arid Regions) has focused on developing guayule as an 

industrially important crop in the desert southwest. The SBAR project team includes seven 

institutions and companies and has employed over 200 researchers, post-docs and students 
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(SBAR, 2020a). It has the distinction of being a Coordinated Agricultural Project whose function is 

to produce bioproducts and biofuels from agricultural feedstock sources here in the U.S. (SBAR, 

2020b). 

Irrigation management is increasingly dependent on in-situ soil sensors and aerial remote 

sensing equipment to help track water status and develop irrigation scheduling. Unmanned aerial 

vehicles (UAVs),drones, are oftentimes equipped with multispectral and thermal IR cameras that 

are used to generate vegetation index (VI) based color maps of the fields. VIs such as the 

normalized difference vegetation index (NDVI) can help develop plant growth parameters and 

crop coefficients (Elshikha et al, 2022). Ground sensors include soil moisture sensors like Time 

Domain Reflectometers (TDRs), neutron moisture meter (NMM) and thermal IR cameras. Canopy 

temperature and soil moisture measurements can assist with irrigation scheduling, especially with 

a desert crop such as guayule. Remote sensing and ground sensor data can be integrated into 

WINDS, which enables accurate modeling and irrigation scheduling. 

1.2 Relationship of manuscripts and primary contributions 
 

The three manuscripts in this dissertation focus on WINDS modeling of guayule irrigation 

experiments at the Maricopa Agricultural Center (MAC). The studies calibrate the WINDS model 

soil moisture simulations based on neutron moisture meter (NMM) water content values. All the 

papers go through a similar setup or configuration process that allows for the appropriate data to 

be input into WINDS for water content calculations using the program calculation algorithms. This 

process primarily involves accurately representing soil properties, reference evapotranspiration 

(ET0), crop coefficients, crop growth including canopy cover, plant height and root depths, ET 

fractions and fraction wetted (FW) widths of certain soil layers. All simulations represented a two- 
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year period from Apr. 2018 until Mar. 2020, during which was the first growth cycle of guayule 

prior to the first cutting. 

The first two manuscripts simulated furrow and drip irrigation treatments, respectively, 

WINDS simulation of furrow irrigated guayule and WINDS simulation of drip irrigated guayule. The 

modeling approaches are slightly different for the flood (furrow) and Subsurface Drip Irrigation 

(SDI) treatments. For SDI, it is necessary to define the horizontal fraction wetted in each layer. This 

is done for all soil layers but most importantly for the layers that uptake almost all of the 

transpiration from the soil during drip irrigation, which includes the top two layers below the 

evaporation layer. Therefore, the calibration approach for SDI emphasizes the emphasizes these 

two layers since close to 99 % of all ET occurs in these layers. 

The first two manuscripts only included the fully irrigated treatments that applied 100 % 

of ET requirements. These are the F100 (furrow control) and the D100 (SDI control) treatments. 

There were six replicates (NMM tubes) in each treatment. The model was initially calibrated to 

the average of the six replicates. Then the calibrated WINDS model was compared to the individual 

replicate NMM values. 

The last document, WINDS model and remote sensing evaluation of water stress and 

irrigation method in guayule, focuses on the SDI deficit irrigation treatments (D50, D75, D100, 

D125 and D150), which range from 50% to 150% of required irrigation water application, 

respectively. The configuration of the model was initially with the average of the SDI control 

treatment (D100), as in the second paper; however, root growth and water extraction were 

deeper in the deficit treatments (D50 and D75). One of the main objectives of this paper was to 
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compare the remote sensing indices, ET, biomass production, crop coefficients, seepage and plant 

heights amongst the SDI treatments. This was done in order to estimate water productivity and 

yield in the SDI treatments under different water application rates. Comparisons of plant metrics 

such as these have important implications towards analyzing which deficit irrigation strategy is the 

most effective in growing guayule as an industrial crop. 

My contributions to this research project included weekly soil moisture measurements and 

monthly plant measurements, as well as the compilation of this data into tables. I was responsible 

for all WINDS model calibrations. I also assisted with adjusting the WINDS model algorithms for 

drip and furrow irrigation scenarios. I wrote the papers, conducted the analysis of results, and 

constructed all associated graphs and tables, which showed the WINDS water content simulations 

matched the NMM soil moisture readings. In addition, other correlations included ET, crop 

coefficient and other related crop growth curves based on remotely sensed indices such as NDVI. 

I created the ET fraction and horizontal fraction wetted tables for each irrigation scenario. I also 

compiled the literature review for the dissertation and the papers. 

1.3 Research role and original contribution 
 

During this specific guayule irrigation project, there were many roles that were served by 

me to ensure that the written scholarly works were based on sound research data collection and 

analysis as well as being constructed and written thoroughly. One aspect of the research that was 

assigned as my own responsibility involved executing the modeling capabilities of the WINDS 

program in order to demonstrate that the soil water content simulations were accurate and robust 

for the guayule crop grown at MAC. My primary role as a graduate assistant consisted of data 

collection using the NMM for the guayule farms at the Bridgestone Eloy farm and the MAC farm 
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during the time period from Jul. 2018 until Mar. 2020. This data was mainly used to manage the 

flood and SDI irrigations by the research scientist working at the MAC farm. However, this gave 

me the freedom to incorporate this data as one of the WINDS modeling inputs implemented 

towards calibrating the soil moisture curves to the NMM measurements. 

The main modeling function of the WINDS program is to create water content simulations 

and then check and verify that these soil moisture curves match the NMM water content readings 

as close as possible. My own primary role in this research capacity was to configure all the input 

data for calculating the water content values and then run the simulations used to create these 

soil moisture curves. Testing and verifying that the soil moisture model data matched the NMM 

readings involved running the simulations, checking the correlation between the model data and 

measurements, evaluating the results and then adjusting the input data into the model again. After 

this, the model simulation was executed, checked, evaluated and verified again. This process was 

repeated as many times as necessary until it was shown that the soil moisture curves matched the 

NMM measurements accurately. 

Another WINDS modeling research role done by me was to properly configure all of the 

data inputs that were mentioned in the last introduction section before the soil moisture 

simulations were executed. This involved two separate process approaches. The first process 

utilized remote sensing data collected by Dr. Elshikha and then implementing the linear regression 

equations he developed in order to estimate plant growth and crop coefficient values during the 

two years of the experiment. This allowed us to create two-year crop coefficient, plant height and 

canopy cover curves that could be input as a data set into the WINDS model. As a research 

assistant, I collaborated and worked closely with Dr. Elshikha regarding the use of soil moisture 
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and remote sensing measurements. He was one of the principal contributors and authors in the 

three publications showed in the appendix of this dissertation. 

The second process required the configuration of certain Excel worksheets that served as 

specific data sets used in the computer algorithms for calculating the soil water content values in 

all of the soil layers. These worksheets are the ET Fraction, Fraction Wetted and the Crop Data 

ones. The Crop Data worksheet configures the values of FC and PWP for all the soil layers as well 

as the root growth stages and associated depths. The configuration process is closely tied to the 

calibration of the soil moisture curves to the NMM measurements. After initial values are set in 

the worksheets, the model is executed and then checked, evaluated and verified to see if the soil 

moistures curves match the NMM readings accurately. This process is repeated until the data 

inputs in these worksheets produce reliable results. 

Similar research was conducted by Maqsood et al. (2021a and 2021b) with the crops of 

guar and cotton grown in Clovis, NM and the MAC farm using the WINDS model application. The 

process executed by Dr. Maqsood was comparable regarding the configuration and calibration of 

the model to the NMM readings. However, executing crop growth and irrigation modeling with an 

application such as WINDS has not been done before with a perennial crop such as guayule. So all 

the plant growth and crop coefficients curves are novel for guayule along with the use of the 

fraction wetted and ET fraction worksheets for the crop. This work was also original in the idea 

that another irrigation method, which is SDI was shown to be reliable in calculating reliable soil 

water content values during a two-year period. Knowing that the WINDS model is accurate and 

robust for the guayule crop using both flood and SDI infers that it can be applied to other farms 

growing a perennial crop like guayule. This demonstrates the importance of establishing a 
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consistent configuration process for inputs used to model the soil moisture content on farms using 

different irrigation methods grown in certain soil types. This shows that WINDS can be reliable and 

robust for future use in agriculture associated with growing crops using irrigation management 

methods. 

1.4 Background and literature review 

 
1.4 a Crop growth and soil moisture models 

 
Several crop and soil moisture models have algorithms and functionality similar to the 

WINDS model. Agronomic crop models such as CROPWAT (Smith, 1991), Aquacrop (Steduto et al., 

2009; Raes et al., 2009), DSSAT (Tsuji et al., 1994) and CERES (Otter & Ritchie 1985, Ritchie et al., 

1986, Ritchie et al., 1989) were principally developed to predict biomass and plant yield for crops. 

Although these models mainly simulate crop growth, which is a function not performed by WINDS, 

they also estimate crop water use and ET. For example, Vozhehova et al. (2018) used CROPWAT 

to calculate ET and water requirements for corn, soybeans and sorghum. 

Crop models can also be applied for irrigation management and irrigation scheduling. Gabr 

& Fattouh, (2020) implemented CROPWAT to assess irrigation management practices with various 

crops while Bhat et al. (2017) used CROPWAT to assist with irrigation scheduling for maize. WINDS 

has the potential to be a software application that aids in management practices such as irrigation 

scheduling and assessing irrigation requirements. The WINDS model is currently being developed 

into an online irrigation scheduling calculator that estimates irrigation requirements based on crop 

and weather parameters (Waller, 2021). This research shows that the model can be calibrated to 

a given crop, soil, and irrigation system and the model will accurately simulate moisture content 
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in layers for different conditions. For example, the calibrated WINDS model accurately simulated 

field locations where soil properties varied (Maqsood et al. 2021a; Maqsood et al., 2021b). 

There are several kinds of soil moisture models. Many include soil water flux models that 

simulate the behavior of water flow in unsaturated or saturated soils, in one, two, or three 

dimensions, with steady or unsteady states and implementing single or multiple soil layers (Voller, 

2002; Papagianakis & Fredlund, 1984; Clement et al. 1994). Soil water movement models 

characterize soil-water behavior in various ways. Researchers developed relationships between 

hydraulic conductivity and soil moisture content (Millington & Quirk, 1961; Brooks and Corey, 

1964). Mualem (1976) and van Genuchten (1980) developed equations for calculating hydraulic 

conductivity and water content as a function of moisture potential, which is a function of pore size 

distribution (Kosugi, 1999). Many models implement finite difference algorithms or finite control 

volumes to represent the discretized movement of the soil water (Arampatzis et al., 2001; Clement 

et al., 1994). WINDS uses a one-dimensional finite difference model to evaluate soil water fluxes 

between irrigation or large infiltration events. 

HYDRUS is a well-known soil moisture software program that simulates water flow of 

unsaturated or fully saturated soils in multiple dimensions. It does this by combining several 

equations that define water flow based solute transport and uptake by the roots (Ṧimůnek et al., 

1996). HYDRUS-2D has been used in practical applications such as determining the soil water 

movement and distribution patterns for the purpose of designing subsurface dripirrigation 

systems (Slack et al., 2017, Estevez & Slack, 2019). The R-SWMS program models the solute 

transport and water movement within the soil-plant system (Javaux et al., 2018). 
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1.4 b Soil moisture sensors for agriculture 
 

Measuring soil moisture with sensors assists with the process of irrigation management. 

Sensors track changes in soil water content over time which enables quantification of the water 

use of growing crops (Wright, 1990). Measuring soil moisture also enables water stress detection. 

Optimal irrigation scheduling depends upon characterizing the soil water content appropriately. 

For example, irrigation scheduling can rely on a soil water balance (SWB) method that estimates 

soil moisture and compares it to the management allowed depletion (MAD) level. When soil 

moisture sensors have been used to help manage irrigation scheduling, the yields of crops tend to 

increase in addition to achieving water conservation (Martin et al., 1995, Sui 2018). 

Table 1 lists soil moisture sensors that are implemented in agricultural fields for soil water 

content measurements. They include electrical resistance, heat dissipation, capacitance, NMM, 

time domain reflectometry (TDR), water content reflectometer and amplitude domain 

reflectometry (ADR). Datta et al. (2018) and Yoder et al. (1998) discussed the principles of 

operation for these instruments. All are electromagnetic except for the heat dissipation and 

NMMs. Electromagnetic sensors offer several advantages. They give continuous estimates of soil 

moisture, are usually non-destructive to the environment, have reasonable costs, require little 

maintenance and are adaptable to electronic measurements and recording (Datta et al., 2018, 

Yoder et al., 1998). Capacitance sensors base their readings on the dielectric constant of the soil, 

which is correlated with water content. Some of these sensors, such as the TDR, also detect soil 

salinity and temperature. 
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Table 1: Different types of soil moisture sensors along with their principles of operation. (Datta et 
al., 2018; Yoder et al., 2018) 

Sensor Type Description of Operation 

 
Electrical Capacitance 

Measures electrical capacitance as a relationship with the 

soil dielectric constant using cylindrical stainless-steel 

rods. 

 
Electrical Resistance 

The electrical resistance of concentric electrodes within a 

gypsum block decreases as the water content increases. 

 
Heat Dissipation 

The relationship between the thermal conductivity of the 

soil and its water content is measured by the temperature 

rise with a diode. 

 
Water Content Reflectometer 

Electronic pulses sent through a rod are then reflected 

back to be recorded as the inverted frequency (converted 

to microseconds). 

 
Amplitude Domain Reflectometry 

Measures changes in the amplitude differential due to 

changes in the soil dielectric permittivity and 

corresponding water content. 

 

Time Domain Reflectometry 

Measures the propagation time of a wave form over a 

waveguide. This is then correlated to the dielectric 

constant of the soil water. 

 
Neutron Moisture Meter 

Records the count of neutrons that slow down as they 

reach the detector. They form a cloud near it due to their 

reflectance from water molecules. 

 

The soil moisture sensors most commonly used in agriculture are the NMM and TDR. The 

NMM has many advantages associated with its use that make it pertinent to agricultural field 

research. The sensor measures moisture content in multiple layers of the entire root zone. The 

soil moisture measurements are accurate because they sample a large soil volume. However, it 

has several disadvantages related to its setup and operation (Waller and Yitayew, 2015). Steel 

metal access tubes must be installed before its use and then are removed afterwards. Soil analysis 
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has to be performed in order to calibrate the NMM properly. The NMM also requires radiation 

training and special transportation protocols. Taking the measurements is time consuming and 

labor intensive. The readings for the uppermost, top layer can be inaccurate if less than 0.20- 

0.30m. 

The TDR has several advantages that cause it to be commonly adopted for field use. Soil 

moisture measurements are rapid, don’t require soil testing for calibration, can simultaneously 

record soil moisture and electrical conductivity and have well defined spatial resolution (Wraith et 

al., 2005). The readings are also easy to record and process. In addition, they can interface with 

cheap data loggers and processors such as the Arduino and Raspberry Pi. 

1.4 c Subsurface drip soil wetting patterns 
 

Subsurface drip irrigation (SDI) inputs water into the soil with precise application to the 

root zone area. This allows for enhanced plant growth due to efficient water consumption. SDI 

also minimizes moisture losses from surface evaporation and deep percolation. Determining 

specific wetting patterns of the soil profile contributes towards optimizing an SDI system. Soil 

moisture wetting patterns can be estimated from numerical, analytical, or empirical modeling 

methods (Kandelous & Ṧimůnek, 2010). Kandelous et al. (2008) developed an empirical model to 

calculate the vertical and horizontal dimensions of the soil wetting pattern =. 

Several factors determine soil water distribution patterns under drip irrigation: soil texture, 

emitter discharge rate, time of application, spacing and depth, along with the extent of root water 

uptake (Kandelous & Ṧimůnek, 2010; Patel & Rajput, 2008). The interactions between the 

unwetted soil and the wetted volume contribute heavily towards establishing wetting zone 
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patterns in the soil. Interactions between the soil and drip emitter also influence wetting patterns. 

Hydraulic head at the emitter can create enough backpressure in the system to increase the 

wetting zone (De Lannoy et al., 2006). 

Subsurface drip irrigation (SDI) distributes moisture in the soil such that a fraction of the 

soil layer width is wetted. As water infiltrates into the soil, saturated and unsaturated fronts cause 

the initial soil moisture distribution. The water content of the soil then redistributes, usually within 

24 hours (Fernández-Gálvez & Simmonds, 2006). Layered zones with different soil moisture 

percentages are formed radially from the source emitter (Patel & Rajput, 2008). Therefore, the 

shape of the wetting patterns is like a bulb, with the lower layers having less soil moisture width 

than the top layers. The WINDS model accounts for differing SDI soil wetting patterns through the 

use of a Fractions Wetted table. It defines the wetted fractions of each soil layer organized by 

stage of the growing season. This defines the extent of partial wetting in the soil layers so that the 

proper soil water balance can be determined on a daily basis. 

1.4 d Vegetation and stress Indexes 
 

Remote sensing measurements from drones (UAVs) based on the spectral reflectance of 

plants or soil are able to generate field scale images of vegetation indices (VIs). Other sensor 

measurements that generate stress indices (SIs) rely upon canopy or surface temperatures 

measured by IR thermal cameras. Vegetation indices are useful for representing plant related 

attributes such as chlorophyll and nitrogen contents, canopy cover, biomass, leaf area index and 

others. They also quantify vegetation cover status, i.e., whether it is healthy and green. 
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Table 2. Some vegetation indices that assist with specific crop management functions. 
 

Vegetation Index Equation Purpose 

Normalized Difference 

Vegetation Index 

(NDVI) 

 
NDVI = (NIR – R) / 

(NIR + R) 

Helps to characterize the extent and condition of 

vegetation cover in an observed area. Used to 

estimate plant height and crop coefficients 

(Tucker, 1979; El-Shikha et al., 2022). 

 
Triangular Greenness 

Index (TGI) 

TGI = 

-0.5*[(λR – λB)*(R – G) – 
(λR – λG)*(R – B) 

 
Can be used to estimate the chlorophyll content in 

plants remotely (Hunt et al., 2011). 

Simple Ratio Index 

(SRI) 

 
SRI = NIR / R 

Measure of green vegetation cover. Gave a good 

estimation of dense pasture biomass (Tucker, 

1979; Mutanga & Skidmore, 2004) 

 

Difference Vegetation 

Index (DVI) 

 
DVI = NIR – R 

For vegetation cover purposes. It helps distinguish 

the vegetation from the soil background 

(Richardson & Weigand, 1977) 

 
Enhanced Vegetation 

Index (EVI) 

 

EVI = (2.5 * (NIR – R) / 

(1 + NIR + 6*R – 7.5*B) 

Used to find Gross Primary Productivity (GPP) 

through the Greenness & Temperature and 

Greenness & Radiation models (Wu et al., 2011; 

Gao et al, 2000) 

 
Excess Green Index 

(ExG) 

 
 

ExG = 2*G – R – B 

Has been utilized to identify weeds from the crop 

of interest. Has also been used for other plant 

identification applications (Mao et al., 2003; 

Kumar et al., 2011) 

 
Normalized Difference 

Water Index (NDWI) 

NDWI = 

ρ(0.86µm) – ρ(1.24µm) / 

ρ(0.86µm) + ρ(1.24µm) 

Monitors plant canopy water status by detecting 

changes in vegetation related liquid water use 

(Gao, 1996). 

Vegetation Water 

Supply Index 

(VWSI) 

 
VWSI = NDVI / LST 

 

Helps with estimating the surface soil moisture 

(Zhang et al., 2017). 

 
 

R = Red, G = Green, B = Blue, NIR = Near Infrared (reflectance values), LST = Land surface temperature, ρ = reflectance 
values at specific wavelengths, λ = specific wavelengths for R, G or B bands. 
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Table 2 shows a list of several common VIs and their purposes. These VIs range between 0 

and 1, with the higher numbers correlating to greater plant cover or health. The most common VI 

is the Normalized Difference Vegetation Index (NDVI). It is used for purposes such as irrigation 

scheduling and tracking plant growth. The NDVI incorporates two UV reflectance wavelengths that 

are in the Red and Near Infrared (NIR) regions. It is also ideal for monitoring plant health and stress. 

In our guayule research, NDVI was used to estimate crop coefficient values based on linear 

regression equations (Elshikha et al., 2021). The equations represented the relationship between 

soil moisture measurements and calculated crop water use patterns with NDVI readings taken for 

research plots. These crop coefficient equations and NDVI measurements were used as inputs to 

calculate Kcb in the WINDS model. In addition, canopy cover percentage for guayule for this 

research was estimated using a Red-Green-Blue (RGB) data (Elshikha et al., 2022). RGB indices 

such as the Triangular Green Index (TGI) have been used to determine the chlorophyll content of 

plants (Hunt Jr. et al., 2011). One can also relate the chlorophyll content of the leaves to the 

nitrogen status of the plant. This can help detect the nitrogen deficiency of crops. 

The simplest VIs are the difference between two spectral wavelengths. The Simple Ration 

Index (SRI) and the Difference Vegetation Index (DVI) are such indices They can correct for 

anomalies associated with NDVI. These indices are useful when plant cover is low or high, 

respectively. The DVI has been implemented where plant vegetation needs to be distinguished 

from the soil (Richardson & Weigand, 1977). Another VI known as the Transformed Vegetation 

Index (TVI) was used to estimate high density crop biomass to correct for saturation effects 

(Mutanga & Skidmore, 2004). 
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Taking VI measurements is a reliable method for estimating biomass in pastures, forests or 

crops. One way to represent VI based biomass in places like forests is to implement a metric known 

as the Gross Primary Product (GPP). This term represents overall plant growth estimated in large 

ecosystems. The GPP has been calculated from the Enhanced Vegetation Index (EVI) incorporating 

the Greenness and Temperature as well as Greenness and Radiation models (Wu et al., 2011; Gao 

et al., 2000). Vegetation indices are also useful for managing the well-being of crops with respect 

to certain circumstances. For example, the Excess Green Index (ExG) was utilized to distinguish 

weeds from the crop of interest (Mao et al., 2003; Kumar et al., 2011) while the Green Leaf Index 

(GLI) assisted with the monitoring and management of cattle grazing across wheat fields (Mounir 

et al., 2001). 

Assessing the water status of leaves is another important factor in monitoring the 

vegetation growth of crops. The Normalized Difference Water Index (NDWI) has this capability 

(Gao, 1996). This VI is sensitive to liquid water changes in the leaves of plant canopies. It includes 

two near infrared wavelength regions. The higher NIR wavelength yields larger water absorption 

than the lower one. It can be utilized to help distinguish green, healthy vegetation from vegetation 

that is dry. Another VI useful for monitoring crop condition and assisting with irrigation 

management is the Vegetation Water Supply Index (VWSI). It does this by approximating the soil 

moisture of the surface or evaporation layer, which contains at least 5 – 10 cm of depth. The VWSI 

uses NDVI and land surface temperature (LST) to determine the surface soil moisture through 

remote sensing (Zhang et al., 2017). 

The management of irrigation scheduling can be performed using remote sensing 

methods that assess whether significant water stress is taking place. This assessment is performed 
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by utilizing stress indices such as the Crop Water Stress Index (CWSI) [Jackson et al., 1981], the 

Water Deficit Index (WDI) [Moran et al., 1994] and Degrees Above Non-Stressed Index (DANS) 

[Taghvaeian et al., 2014]. Because guayule can withstand deficit irrigation with no harm to plants, 

these techniques are particularly suitable for guayule. 

The CWSI utilizes canopy temperature taken from a thermal IR camera or probe, as well as 

air temperature and humidity. This index determines water stress by plotting the canopy minus 

air temperature (Tc – Ta) vs the vapor pressure deficit (VPD). The empirical CWSI compare a well- 

watered crop to a water-stressed, non-transpiring one. The theoretical CWSI compares observed 

temperature to the theoretical temperature of a transpiring crop. 

The WDI is obtained by measuring NDVI, LST and air temperature. It plots NDVI versus 

surface minus air temperature (Ts – Ta). This forms a trapezoid delineating well-watered from 

water stressed crops. The WDI is preferable over CWSI with partial canopy cover. This is because 

WDI can more easily distinguish soil from plant canopy temperatures via remote sensing. The 

DANS stress index only requires the measurement of crop canopy temperature. This index is 

created by taking the difference between stressed and non-stressed canopy temperatures. It was 

utilized to manage deficit irrigation for sunflowers (Taghvaeian et al., 2014). 

1.4 e Guayule 
 

The world’s main commercial supply of natural rubber comes from the Hevea tree, which 

is principally cultivated in Southeast Asia. In recent times, there has been greater demand for 

natural rubber in a world that is becoming increasingly industrialized. This growing demand can 

affect the future supply and price of natural rubber. In addition, this supply could be threatened 
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by political instability or plant diseases. Therefore, there is a need to have a reliable and alternative 

supply of natural rubber. The guayule plant can be this alternative source of natural rubber. 

Guayule has the potential to be grown in arid regions of the Southwestern US. 

Guayule has gone through several periods of development and cultivation which started in 

the early 1900’s and has recently commenced again. Two of these periods resulted in advances in 

cultivation methods. They include the Emergency Rubber Project during World War II and the 

cultivation for hypoallergenic rubber in the 1990’s (Coffelt et al., 2015). The work done in these 

eras has generated excellent genetic breeding programs resulting in superior germplasms. These 

guayule germplasms produced higher yields of rubber (Ray et al., 2005). 

The rubber processing method determines the type of natural rubber products that come 

from guayule. Unlike Hevea, which can be tapped to release its liquid latex, guayule must be 

physically processed to extract the latex from within the shrub. Two types of rubber products can 

be made from guayule. One is a latex rich material while the other is a bulk rubber product 

(Schlomann Jr., 2005). However, both materials contain some resin-based impurities within them. 

Vehicle tires require that some of its raw material come from natural rubber. In fact, over 

70% of all-natural rubber is put into vehicle tires (Cornish et al., 2001). In addition to synthetic 

rubber, natural rubber is used to meet certain performance criteria that the synthetic rubber 

doesn’t provide. Natural rubber imparts important material characteristics in tires such as 

preventing abrasion and tearing, adhesion to certain materials, great resilience, and the capability 

to dissipate heat (Foster et al., 1991). The cost of natural rubber is a major factor in determining 

the cost of manufactured tires. Hevea costs around $2 or less per kg while the price of rubber from 
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guayule is higher. A recent Life Cycle Analysis (LCA) study projected that the breakeven price of 

rubber from guayule would be around $3 per kg (Sproul et al., 2020). 

The need for domestic natural rubber motivated Bridgestone Americas, Inc. to construct a 

bio-rubber processing facility and a 300-acre research farm in Central Arizona (St. Aude, 2021). 

These facilities have accelerated research and development for cultivating and processing guayule 

into a natural rubber source. The USDA-NIFA SBAR project seeks to advance the research and 

development of guayule. They have initiated projects involved with feedstock development and 

production, system performance, and coproduct uses from the plant (SBAR, 2020c). 

There are several potential coproducts that can be made from guayule other than natural 

rubber. Nakayama (2005) wrote a review article that listed many kinds of coproducts that are 

made from guayule. These coproducts are principally derived from the bagasse or resin in guayule. 

They include biofuels and resin and/or wood-based materials. For example, one can produce a 

composite particleboard from HDPE and guayule bagasse. Other possible wood products include 

wallboards, hardboards and insulation. There are a variety of different biofuels that can be made 

from guayule bagasse. These include heating logs, pelletized fuel, alcohol, diesel fuel, liquid 

hydrocarbons and gas. The resins in these products give the fuel higher energy content. They also 

impart termite resistance and preservation qualities to the wood products. Resin based products 

include paints, adhesives, coatings, insecticides, varnish, primers and others. 

In the weeks after planting, guayule requires substantial care in the form of frequent 

irrigation and pesticide application. Two weeks of frequent sprinkler, drip, or furrow irrigation are 

required for germination, along with the application of pre-emergent herbicides to prevent the 
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growth of weeds just after direct seeding (Dissanayaka et al., 2008). Transplanting guayule has 

been the more common planting method. However, due to the higher costs of transplanting, a 

new direct seeding method developed by Bridgestone is the better option for establishing guayule. 

It has been estimated that there is at least a 50% reduction in costs when switching from 

transplanting to direct seeding of guayule (Bucks et al., 1986). 

Guayule is a drought tolerant plant and can survive with little water. It will recover from a 

semi-dormant state to normal growth once it is irrigated again. Its resilience is due to the plant’s 

ability to obtain moisture deep within the soil through its root system (Bucks et al., 1985b; 

Hammond & Polhamus, 1965). Applied water amounts required to grow guayule usually range 

anywhere from 1300 mm (about 4.3 ft)/yr to just over 2000 mm (about 6.6 ft)/yr, depending upon 

where the irrigation research was conducted (Bucks et al., 1985b; Miyamoto & Bucks, 1985; 

Hunsaker et al., 2019). However, as little as 280 – 640 mm (about 2.1 ft)/yr has been estimated 

to be the minimum amount necessary for the commercial production of guayule (NAS, 1977). 

Irrigation treatments that apply less water produce a higher rubber content (percentage) 

but more irrigation results in a higher rubber yield (Hunsaker et al., 2019). Rubber contents usually 

reach their highest concentration at the end of winter dormancy each year (Coffelt et al., 2009). 

Overall, guayule would be an ideal crop to cultivate in deserts due to its drought tolerance and 

reduced water consumption. This is especially important in places like Arizona where agriculture 

will have little to no Colorado River water due to the Drought Contingency Plan (DCP) (McGuire, 

2021). The CAP water allocation for agriculture will also be permanently eliminated in 2030 

(CAWCD, 2002). 
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Chapter 2: Present Study 
 

2.1. Materials and Methods 

 
2.1 a WINDS description 

 
This research was supported by the Sustainable Bioeconomy for Arid Regions (SBAR) 

Center of Excellence as part of their Feedstock Development and Production group. The irrigation 

management computer program WINDS (Water, Irrigation, Nitrogen, Drainage, Salinity) has been 

used to meet some of SBAR’s main objectives. These include deploying agronomic production 

practices, using remote-sensing methods to create interactive databases/tools and providing 

irrigation apps to growers (Waller, 2021). This research project calibrates the WINDS model to 

guayule irrigation experiments. 

The WINDS model is a soil water balance (SWB) model that calculates soil water content 

on a daily basis. It implements the FAO56 dual component evaporation and transpiration method 

to evaluate evapotranspiration (ET). The SWB approach is achieved through integrating a tipping 

bucket model during water infiltration and the Richard’s equation between infiltration events. It 

also estimates the root water uptake as a function of depth in the soil. The WINDS model inputs 

are weather data, irrigation amounts and ET information. WINDS was originally an Excel VBA 

(visual basic for applications) program but was converted to Python/MySQL application. The Excel 

VBA version was utilized for this specific research project. The python version has been directed 

towards an online irrigation application meant for growers and researchers. 
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2.1 b Description of field experiments 

 
2.1 b.1 Organization of the experiment 

 
A guayule field irrigation experiment provided the plant measurements, soil moisture and 

irrigation data necessary for calibrating the WINDS model during a two-year growing period (from 

April 2018 – March 2020). Figure 1 shows guayule grown at the 1.1-hectare (ha) field located at 

the MAC in Maricopa, AZ. It is seen from above from one of our remote sensing drones. 

 

 
Figure 1. Image of 18-month-old guayule growing at the MAC. 

 

The guayule field experiment consisted of six irrigation treatments. Five of them were 

subsurface drip irrigation (SDI) treatments, labeled D50, D75, D100, D125 and D150. The D100 

was the control treatment based on irrigation at a 35% soil water depletion (SWD) and complete 

replacement of water depletion below field capacity. Applied water amounts for the other SDI 

treatments were based on percentages of the D100 control. This stipulated the labeling of the 

treatments through acronyms such as D50, D75, etc. There was one flood irrigation treatment 

labeled F100. It was based upon irrigation at 55% SWD and replacement of water depletion below 
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field capacity. The experiment statistical design was a split-plot design with field location as the 

main plot and the specific treatment as split-plots. The fields contained six randomly assigned 

treatments in three block areas. 

2.1 b.2 Irrigation control and distribution 
 

The SDI plots were irrigated from a control station that distributed water to the field 

through PVC main lines. Figure 2 shows the control station at the MAC guayule field. Components 

of the SDI system were flow meters, pressure regulator, pressure gauges, air vents, drip tape and 

emitters. The drip tape was placed 0.20 m underground with the emitters spaced at 0.31 m. The 

flood F100 plots were irrigated with water coming from an overflow riser valve located at the end 

of each plot. The plots were then blocked on the far end of the field to keep water within them. 

 

 
Figure 2. An SDI Control Station at MAC 
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Soil moisture measurements were taken by a NMM (figure 3) and enabled with irrigation 

scheduling based on an SWB model. The soil moisture readings were also used to calibrate the 

WINDS model soil moisture curves. Irrigation amounts for SDI and flood irrigation were recorded 

and input into the WINDS model. 

2.1 b.3 Soil moisture measurements with the neutron moisture meter 
 

Two NMM steel access tubes (AT) were placed within each replicate. There was a total of 

36 tubes for the guayule field at MAC. The soil moisture was measured every 30 cm for a soil 

profile consisting of seven soil layers. The cumulative depth of the soil profile was 2.1 m. The soil 

water content for each layer was calculated based on standard and measured NMM counts that 

were converted into percent water content. This was done using an equation that that was 

calibrated to the soil. 

Figure 4 presents a map of the guayule irrigation experiment at MAC organized by colored 

segments (replicates) that represent each of the split-plot treatments. The ATs are located at the 

intersection of the two red dotted lines within each of the split-plot treatments. Comparisons 

between the NMM and WINDS simulated soil water contents allowed for the proper calibration of 

the WINDS model. 



36  

 
 

Figure 3. An image of a neutron moisture meter (NMM) used in the guayule field at MAC 
 
 

 
Figure 4. The experimental design map of the MAC guayule field. 



37  

2.1 b.4 Plant growth parameters and crop coefficients obtained from remote sensing vegetation 

indices 

The plant growth parameters such as canopy cover, were derived from remote sensing and 

associated linear regression equations developed by Elshikha et al. (2022). Physical measurements 

established the relationship between plant parameters and remote sensing readings. The RGB 

(red, green, blue) and NDVI (normalized difference vegetation index) remote sensing images were 

obtained from Phantom 4 Pro and Inspire 2 drones during biweekly or monthly time intervals. An 

image of the Inspire 2 drone is shown in Figure 5. The RGB index generated canopy cover 

percentages while NDVI was used for plant height. These plant height and canopy cover curves 

were input into the WINDS model. In addition, basal crop coefficient values (Kcb) for different plant 

growth stages were obtained from NDVI readings using linear regressions developed by El-Shikha 

et al. (2022). A full two-year basal crop coefficient curve was used as input into the WINDS model. 

 

 

Figure 5. An image of the Inspire 2 drone with a multi-spectral camera. 
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2.1 c WINDS model input and calibrated parameters 

 
2.1 c.1 Fixed inputs 

 
WINDS model inputs include weather, irrigation, soil layer characteristics, plant growth 

parameters from remote sensing, and NMM soil moisture measurements. This section describes 

the configuration of inputs in the Excel/VBA version of WINDS. 

Weather input data to the WINDS model includes Penman-Monteith reference 

evapotranspiration, daily minimum and maximum temperature, humidity, wind speed and 

precipitation. The Excel WINDS program automatically downloads data from the Arizona 

Meteorological Network (AZMET). Each location names a weather sheet in Excel where the data 

is stored. In this research, weather data was downloaded from the Maricopa weather station. 

These weather parameters were used in the calculation of evaporation and crop ET in the FAO56 

dual component evapotranspiration model. 

Daily irrigation amounts from SDI or flood treatments were stored in Excel worksheets that 

list irrigation events in rows. The units of irrigation are mm per day depth of water applied. The 

WINDS model can list variable infiltration or irrigation depths in different parts of fields. This 

method was used to specify different infiltration depth is different deficit irrigation treatments. 

The Crop_data worksheet describes soil and crop parameters. The WINDS model divides 

the soil profile into layers with the number and lower depth of soil layers defined in the model. 

The numbering of the soil layers starts with the lowest layer. In this research, the lower layer is 

layer one and the top is layer seven. The depth of each soil layer is 30 cm, except for the 

evaporation layer above layer 7, which is 11.5 cm depth. The total depth of all layers is 2.1 m. 
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Soil characteristics include field capacity, permanent wilting point, saturation, hydraulic 

conductivity, and Van Genuchten (VG) soil parameters for each soil layer. These include saturated 

and residual water content, n, alpha and L coefficients, as well as matching hydraulic conductivity. 

These values can be derived from the Rosetta program (Schaap at al., 2001) if soil texture 

information is known. There are also default values based on soil textural class. 

Segmented curves for plant height, canopy cover and basal crop coefficient are defined 

with stage lengths and values in the Crop_data page. Each location in the field is represented by a 

column in the Crop_data page. In this research these parameters were derived from remote 

sensing measurements. Figure 6 shows specific time intervals of crop growth stages and their 

parameter values used to create a two-year crop coefficient and plant height growth curves. The 

initial value of the plant parameter along with the number of days for each growth stage are placed 

into the corresponding rows of each location (replicate) column as displayed in figure 6. 

The NMM soil moisture measurements are an input into the WINDS model. They are 

combined with simulations in the Water Content worksheet in order to calibrate the WINDS soil 

moisture simulations through comparison with the NMM readings. There were 59 NMM reading 

days recorded from July 2018 until March 2020. These measurements were organized for each 

split-plot irrigation treatment. They were recorded and stored in individual Excel worksheets 

named after the treatment name and NMM access tube (AT) replicate number. Average NMM 

readings were also calculated for each treatment. They were used as the main NMM data set for 

the calibration of the model. There are 42 NMM data sheets for the Maricopa experiment. 
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Figure 6. The WINDS Crop Data Excel worksheet used to input plant growth parameters. 
 

2.1 c.2 Configurable inputs 
 

There are several WINDS model parameters that are configured manually and undergo a 

trial-and-error modification process. These include the root zone growth curve, ET fractions in soil 

layers, FC & PWP settings and the fraction wetted width for soil layers. 

Since it is difficult and/or laborious to measure the root growth periodically, the WINDS 

model root growth rate is calibrated based on observed water content changes during the season. 

This data is input into the Crop Data page and consists of the root depth values and time interval 

for each growth stage. 
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After configuring the root zone growth curve, it is necessary to estimate the ET fractions in 

the soil profile as the roots grow. These inputs are placed into a ET Fraction Excel worksheet (figure 

7). An ET percentage (fraction) amount is set for each soil layer in the column labeled with the 

number of layers currently in the root zone. All percentages in a column must add up to one. The 

labels in the columns (2L, 3L, …) represent the specific soil layer in the soil profile. These values are 

systemically chosen and then compared to the model. The values are accepted if they agree with 

the model (the WINDS water content values calibrate appropriately to the NMM readings), 

otherwise they continue to be adjusted until they do. 
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Evaporation 
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Figure 7. The WINDS ET Fraction Excel Worksheet 
 

One of the most important WINDS model adjustments in this research was setting the 

appropriate FC and PWP values for each soil layer in all AT replicates. This was necessary because 

soil properties vary between the soil layers and replicates. The process of establishing the correct 
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FCs and PWPs is shown in figure 8. During the first-year growth stages, the maximum NMM 

readings are chosen to represent the FC by drawing a horizontal line that intersects the upper 

observed NMM water contents. The assumption behind this technique is that soils quickly drain 

to field capacity in this sandy loam soil. A similar process calibrated PWPs, but second year winter 

dormancy was selected as the designated time period. Once the FCs and PWPs are set in this way, 

they require little to no modification during model calibration. Because with model has little 

sensitivity to Van Genuchten parameters in a sandy loam soil, calibration of soil parameters is 

straightforward and fast in a sandy loam soil. 

 
 

 

 

 
Figure 8. A WINDS WC curve showing the locations of FC and PWP values. 
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Figure 9. The WINDS Fraction Wetted Excel Worksheet. 
 

An additional complication with simulation of SDI irrigation is that only a fraction of the soil 

profile is wetted in the horizontal direction. It is important to establish the correct wetting patterns 

for the soil layers when configuring the WINDS model for SDI treatments. The process of 

estimating the horizontal wetted width in each soil layer is shown in figure 9. The Fraction Wetted 

worksheet defines the horizontal fraction wetted for stages of the growing season. This is done by 

placing the beginning and ending DOY for the appropriate wetting phase in the Last DOY column. 

Then, one places a fractional wetted width value for each soil layer within the appropriate soil 

wetting phase row. In this research, the fractions wetted ranged from 0.1 to 1.0. This process, if 

done correctly can establish the shape of the soil profile wetting pattern for SDI treatments. 

 

 
2.2 Summary 

 
In this research project, the WINDS model accurately simulated the soil water content of 

guayule grown in sandy loam soil using flood and SDI. It did this by creating soil moisture 

characteristics for a soil profile consisting of seven layers. The first paper (Appendix A) focuses on 
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the flood irrigation treatment, F100. Remote sensing measurements generated a two-season basal 

crop coefficient curve for the F100 furrow irrigation treatment. The second year had a higher 

midseason crop coefficient value (M2 Kcb = 1.23) than the first year (M1 Kcb = 1.14). An F100 root 

growth curve was generated based on a previous root growth model created by Bucks et al. (1984, 

1985a, 1985b). Roots grew until a depth of 1.6 m during the first year and then had a final depth 

of 2.0 m at the second midseason stage. The soil moisture simulations were accurate due to the 

configuration of fractional evapotranspiration (ET) and the field capacities (FC) and permanent 

wilting points (PWP) in soil layers. 

The second paper (Appendix B) focuses on the fully irrigated SDI drip treatment, D100. The 

WINDS model successfully represented the soil moisture values of the upper layers for the D100 

SDI treatment. Configuration of fractional evapotranspiration, root growth and horizontal fraction 

soil wetted values in the soil layers allowed for the accurate generation of soil moisture in the 

upper layers. The roots grew until a maximum depth of 1.2 m. Calibrated ET fractions were in the 

range of 80 – 95% in the top two soil layers. However, the total fraction of ET removed from the 

upper layers during the two-year experiment was in the range of 99% since drip infiltration did not 

reach lower layers. The fraction wetted (FW) soil layer values were estimated to be between 0.5 

to 0.85. Remote sensing measurements also generated a two-year basal crop coefficient curve 

that included an M1 Kcb of 1.1 and M2 Kcb of 1.3, which is higher than the F100 Kcb values. 

The third paper (Appendix C) focuses on the SDI deficit irrigation treatments (D50, D75, 

D100, and D125, and D150). WINDS simulations were not as accurate (varied from observed 

moisture readings) in the D50 treatment as in other treatments. The D50 treatment had a different 

two-year crop coefficient curve compared to the other SDI treatments (D100 – D150). The M1 Kcb 
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for D50 was 1.0 while it was 1.1 for M2 Kcb. This is lower than the values for the other treatments. 

Crop ET, crop coefficients, plant heights, canopy cover and biomass implied that the D50 

treatment was a low-transpiring, water stressed crop. Crop ET was lower than reference ET (ETo) 

for D50 but was the opposite case for all the other SDI treatments during the two-year experiment. 

The D50 maximum plant height was 0.76 m while it was 1.05 m for D150. Biomass comparisons 

show that D50 produced 14.0 Mg/ha while D100 to D150 had a maximum biomass of 

approximately 30.0 Mg ha-1. 

2.3 Conclusions and future recommendations 
 

There are several conclusions associated with the effective simulation and calibration of 

soil water content in the soil profile that have important implications towards achieving effective 

farm management, especially in the area of irrigation distribution. It was a conclusion that the 

WINDS model was accurately calibrated to the NMM measurements for both the average replicate 

and individual access tube replicates (R1 – R6). This indicates that the model has been proven 

reliable for a given crop, such as guayule, using certain irrigation systems like flood or SDI and is 

effective with a given soil type such as the Sandy Loam soil at MAC. If you then had a different 

crop using an alternative irrigation system and different soil type you should still be able to set and 

configure the model accordingly so that the correct soil moisture simulations take place. WINDS is 

therefore versatile in its application which can be used in different locations theoretically in 

different geographical locations. The WINDS model should be able to adapt to these varying field 

and irrigation system conditions effectively. 

Since the model proved to be accurate and reliable at different NMM access site locations, 

this implies that more inclusive and comprehensive irrigation management can be conducted 
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within a given agricultural field. Therefore, it should be possible to transfer the plant growth, crop 

coefficients, root growth and ET fractions to different parts of the field. Having multiple sites to 

execute soil moisture simulations on is very beneficial to farm management practices in general. 

Having these various site locations in the model potentially allows one to quickly assess the 

conditions of the field if something is going wrong. This usually results in situations where there is 

uneven application or inefficient irrigation distribution in the problem spots where the model does 

not match the soil moisture readings in that given area. 

Another conclusion appears to be that remote sensing methods are effective in generating 

the necessary plant growth and crop coefficient data that can be input into the model. This crop 

growth and crop coefficient curves were proven to effectively calculate the soil water content 

within the soil profile accurately. In theory, one should be able to use vegetation indices such as 

NDVI to represent growth and crop coefficient curves on any farm. In future versions of the WINDS 

model, one should be able to seamlessly take the NDVI data, process it and then integrate it into 

the program. The generation of a crop coefficient curve that is reliable is one of the most important 

steps to execute correctly as far as using inputs into the WINDS model that calculate the soil 

moisture content accurately. 

One final conclusion was that layers six and seven in the soil profile are the most important 

ones to calibrate in the WINDS model because that is where the majority of the ET takes place. 

Sometimes at around 99% of the total ET in situations like SDI treatments. This has important 

connotations in performing effective irrigation management in the future. It was estimated that if 

you were to utilize a soil moisture sensor to measure water content levels in the soil using only 

one depth location, it would most likely be somewhere in the sixth layer (second layer from the 
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top) around 45 cm, which is the halfway depth of that soil layer. Using that second top layer is a 

sensible decision because the soil moisture cycles appear to be more stabilized and don’t vacillate 

as high in maximum and minimum water content values like the top layer does. Yet this soil layer 

also accurately represents what is happening to the plant in regards to root water uptake. 
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Abstract 

 
The WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity) irrigation model 

simulated the volumetric soil water content in seven soil layers of a two-season guayule crop 

utilizing furrow irrigation at the MAC in Maricopa, AZ, from 2018 - 2020. The soil was sandy loam. 

This research developed a two-season basal crop coefficient (Kcb) curve for guayule based on 

remote sensing (RS) data, that included first and second season development, midseason, late- 

season and end-season growth stages. The second year Kcb curve resumed after a semi-dormant 

state during the first winter. The midseason Kcb values were slightly higher during the midseason 

of year two (M2, Kcb = 1.23) in comparison to year one (M1 Kcb = 1.14). This research also 

developed two-season root growth curves, and fractional uptake of transpiration in soil layers as 

a function of root depth, in order to accurately simulate soil moisture. The root growth curve had 

two periods of development. The roots grew to a maximum of 1.6 m at the end of the first year 

and resumed growth during the second year after winter dormancy and reached a final depth of 

2.0 m. The crop coefficient curve also had two cycles, with the winter dormancy stage dividing 

these two periods. The WINDS model accurately simulated soil moisture content in layers with 

remotely sensed plant growth curves and calibrated soil and root parameters. 
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1. Introduction 
 

In this research, the WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity) 

irrigation model simulated the volumetric soil water content in seven soil layers for a two-season 

guayule crop utilizing furrow irrigation at the University of Arizona’s MAC farm in Maricopa, AZ, 

from 2018 - 2020. 

In arid regions of the world, crop water demand is high, but water supply is relatively low, 

making it costly to withdraw the water from sources such as groundwater wells (Mahmoud, 2014). 

Agriculture in arid regions such as Arizona and Saudi Arabia accounts for approximately 80% of all 

water use (Chowdhury & Al-Zahrani, 2015, Blomquist et al., 2004), therefore, it is essential that 

efficient irrigation management strategies are developed to conserve water in desert areas. 

Irrigation water use in the US Southwestern Sonoran Desert has its own unique set of 

challenges that affects an active and burgeoning agricultural industry in the state of Arizona. The 

revenue from agriculture is estimated to earn over $23 billion a year from crops such as lettuce, 

spinach, corn, alfalfa, cotton, melons, wine grapes, vegetables, tree nuts and wheat along with 

other animal food products (Arizona Department of Agriculture, 2018). Threats of significant 

reductions in water supply have been a part of Arizona’s agricultural history for decades and will 

continue to have a substantial impact in the future. Since the late 1940’s, the state has 

experienced significant groundwater depletion which has caused the need for an additional water 

supply coming from the Colorado River, known as the Central Arizona Project (CAP) that was 

authorized by the US Congress in 1968 (Lahmers & Eden, 2018). 
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The agricultural sector is last on the CAP priority list, following Native American, municipal 

and industrial pools. As a result, excess CAP water set aside for agricultural purposes was reduced 

from 400,000 to 225,000 acre-ft per year (CAWCD, 2002). In addition, Arizona faces further 

cutbacks of over 500,000 acre-ft per year for all CAP water supply uses due to a drought 

contingency plan that comes into effect if Lake Mead elevations are less than 1075 feet in any 

given year (CAP, 2020). Restrictions have been implemented in 2022, and the lake level continues 

to drop. In the midst of extreme water stress, it is advantageous for farmers to cultivate 

agricultural crops that require modest amounts of water. 

Guayule is a perennial shrub native to the Chihuahuan Desert that has periodically been 

proposed as a source of natural rubber for Mexico and the United States since the early 1900’s. It 

has been cultivated as a field crop in research studies and during World War II as a commercial 

supply of rubber. The shrub has a rich history that included four development periods. The third 

period in the 1980s led to guayule varieties that produce 250% higher rubber yield compared to 

previous plants that were grown during the 1940’s and 1950’s (Ray et al., 2005). The plant contains 

stalks that when processed deliver a rubber latex rich material. In addition, two other by-products 

are created during processing: resin and the bagasse. The resin can be turned into paint primers 

or varnishes while the bagasse can be converted to biofuel or high-density composite boards 

(Nakayama, 2005). 

Guayule is normally grown for two years before the first harvest. Since it is a perennial 

crop, it can be subsequently cut and collected twice during the next four years before it needs to 

be replanted. This leads to the need to develop two-season crop coefficients for the crop with 

different crop coefficient curves during each growing season. 
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Guayule is a drought tolerant plant that survives high temperatures and limited amounts 

of water. This acclimation to the arid desert environment gives it great resiliency. Recent research 

(Elshikha et al., 2022b) indicates that furrow irrigated guayule can survive on only 2 irrigations per 

year, and that it can resume normal plant growth after periods of moisture deprivation once it 

receives water again (Lloyd, 1911). Although it can survive on as little as 500 mm of applied water 

per year (Fangmeier et al., 1985, Nakayama et al., 1991), its rubber yield at this juncture of work 

on guayule plant genetics and management is generally a function of the depth of water applied 

(Elshikha et al., 2022b). Possibly, work with plant genetics or new management methods will 

change this calculus. 

The most common method of watering crops in Arizona is flood or furrow irrigation. In 

fact, at least 85 percent of all farm acreage in Arizona implements flood irrigation (Frisvold et al., 

2018). This irrigation method is facilitated by the extensive canal systems that deliver irrigation 

water to farms in central southern Arizona. Water can be transferred to agricultural fields from 

the canals by siphon tubes or other gravity flow devices. Furrow irrigation is also less expensive 

than pressurized systems (Sanden et al., 2011). One reason for this is lower energy costs. Surface 

or gravity-fed furrow irrigation uses 0 – 11 kWh per 1000 m3 while drip or sprinkler irrigation 

requires greater than 150 kWh per equivalent amount of water applied (Berardy & Chester, 2017). 

However, flood irrigation needs greater amounts of water because of its low application efficiency, 

which averages 65%. Oftentimes, flood irrigation scheduling is based upon experience, but this 

sometimes results in the over application of water. Accurate methods of irrigation scheduling 

usually incorporate a soil water balance approach obtained from soil water depletion calculations 

that depend upon ET. One of the best ET estimation method is the FAO-56 dual crop coefficient 
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method that separates evaporation and transpiration (Allen et al., 1998). Indeed, when the FAO 

56 ET approach was implemented for irrigation scheduling, cotton has been shown to produce 

higher lint yields while consuming less water (Hunsaker et al., 2005). Crop ET can be derived from 

tabulated basal crop coefficient (Kcb) values from FAO 56 tables or with vegetation indices (VIs) 

such as NDVI. Using remotely sensed VIs to obtain Kcb values accounts for changes in crop growth 

due to local weather or crop stress (Hunsaker et al., 2015). Crop growth models and other 

simulation software help improve irrigation management through the accurate estimation of crop 

water use. Scientists calibrate these models with experimental field data. Two such models that 

work on a daily step time step are AquaCrop (Steduto et al., 2009) and CROPWAT (Smith, 1992). 

Improved yields resulting from lower applied irrigation water has been demonstrated with 

AquaCrop (Sandu & Irmak, 2019). 

Finite element and finite difference models include programs such as HYDRUS 1D, 2D and 

3D (Ṧimůnek et al., 2012) that define soil water movement and distribution patterns and thus aid 

in irrigation design and evaluation (Clement et al., 1994, Slack et al., 2017, Estevez & Slack, 2019); 

however, these models are not suitable for daily irrigation management due to high computation 

and data storage requirements. A research gap is the lack of ability to accurately simulate soil 

water flux and distribution in soil layers in a daily time step soil water balance model. 

The Sustainable Bioeconomy for Arid Regions (SBAR) project is calibrating the WINDS 

model (Waller & Yitayew, 2015) for three crops (guar, guayule, and cotton), three soils (sandy 

loam, clay loam, and clay), and three irrigation methods (furrow, sprinkler, and subsurface drip 

irrigation) (Maqsood et al., 2021a, Maqsood et al., 2021b, Katterman et al., 2022). This research 

develops crop coefficient and other curves for simulation of guayule irrigation with the WINDS 



53  

model. It also assesses the accuracy of the WINDS simulation soil water distribution in seven 

layers in a furrow irrigated guayule experiment. Because guayule is a two-season crop, special 

attention is paid to the implementation of two-season crop coefficient and root growth curves. 

The crop coefficient is provided to the WINDS model from weekly NDVI measurements (Elshikha 

et al., 2022a). 

2. Materials and Methods 

 
2.1 Field description, experimental design, irrigation procedure and schedule 

 
On April 20, 2018, USDA AZ-2 guayule germplasm was directly seeded using a four-row 

planter on a 1.0 ha field at the University of Arizona Maricopa Agriculture Center (MAC) farm in 

Maricopa, AZ (33.07 ºN lat; 111.97 ºW long; 361 m a.s.l.). The field consisted of 18 plots, each 

containing 6 rows spaced 1.02 m apart and 6.1 m wide. After planting, the field was wetted daily 

using sprinkler irrigation for two weeks with a total applied water of 284 mm to germinate and 

establish of the crop. Next, the plots were given a uniform flood irrigation treatment totaling 600 

mm between May and June 2018. Afterwards, the irrigation study commenced on July 2018 

employing differential irrigation treatments There were 71 separate irrigation events consisting of 

12 sprinkler, 16 furrow during establishment and 43 furrow during the experiment. 

The irrigation study utilized a split-plot experimental design with field location as the main 

plot and the specific irrigation treatments as the split-plots. The field was divided into three blocks, 

each containing six randomly assigned treatments. Each block consisted of five subsurface drip 

irrigation (SDI) treatments labeled as D50, D75, D100, D125 and D150 and one flood irrigated 

treatment known as F100. The field map outlining this split-plot design along with all F100 neutron 
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moisture meter (NMM) access tubes marked as R1 – R6 are shown in figure 1 below. Only the F100 

access tubes are displayed in the map because that was the focus of this research. The SDI 

experiment employed D100 as the control treatment with all other treatments receiving an 

applied water amount corresponding to a percentage of the control. In the F100 treatment, water 

was applied when the soil water depletion reached 55%. Furrow plots were irrigated using an 

overflow rise valve at the end of each plot. The flow rate and water volume for furrow irrigations 

were measured with a calibrated in-line propeller water meter. 

Measured soil water contents in the soil layers were used to quantify the soil water 

depletion for the D100 and F100 treatments. These soil water depletions updated a soil water 

balance model which considered current and previous depletions, water inputs from irrigation and 

rainfall, as well as current removals from crop evapotranspiration and deep percolation. 

Procedures outlining the direct calculation of crop evapotranspiration (ETc) between two soil 

moisture reading dates using the FAO 56 dual crop coefficient method (Allen et al., 1998) are 

described by Hunsaker et al. (2005). 

2.2 Evapotranspiration Calculation 
 

The average air temperature and rainfall in Maricopa are 21 °C and 200 mm/yr, 

respectively. Meteorological data was obtained from the Arizona Meteorological Network (Brown, 

1989: AZMET; https://cals.arizona.edu/AZMET/index.html) located at the MAC farm site. Weather 

parameters downloaded for this research include daily minimum and maximum air temperatures, 

minimum relative humidity, wind speed, and daily precipitation. The AZMET station calculates daily 

reference evapotranspiration (ETo) based on the ASCE standardized Penman-Monteith model 

https://cals.arizona.edu/AZMET/index.html
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(Allen et al., 2005). The WINDS model calculates crop evapotranspiration based on the FAO56 crop 

evapotranspiration model using Kcb and the evaporation coefficient (Ke). 

2.3 Neutron moisture meter volumetric soil water content measurements and utilization in WINDS 

Thirty-six 2.25 m long by 51 mm diameter galvanized steel access tubes were installed in 

the drip and flood irrigation treatment plots. Each irrigation plot contained two access tubes. The 

neutron moisture meter (Campbell Scientific) measured soil water content from 0.15 m to 1.95 m 

below the soil surface in 0.3 m increments. Soil moisture readings were taken at weekly or 

biweekly intervals from August 7, 2018 to March 3, 2020 for a total of 59 sampling dates. 

An equation (Equation 1) that calculates volumetric soil water content (θv) from NMM 

standard counts (SC) and readings (C) along with probe slope (m) and intercept (b) was utilized 

after NMM measurements were taken. The slope and intercept were calibration terms in the 

equation derived from soil tests taken at three locations in the field. Separate slope and intercept 

values were calculated for the top layer due to its proximity to the surface. 

θv = m * (SC / C) + b (1) 
 

2.4 Soil parameterization 
 

The field soil at MAC is a Casa Grande series (Fine-loamy, mixed, superactive, hyperthermic 

Typic Natrargids) (Post et al., 1988). The soil profile was generally sandy loam. The soil layer 

midpoints corresponded with the NMM sample depths. There are seven soil layers of 30 cm depth 

except for the evaporation layer, which was 0 – 11.5 cm and layer seven, from 11.5 to 30 cm. 

Soil characteristics used in the WINDS model can be parameterized with laboratory 

measurements (Maqsood, 2022); however, field capacity (FC) and permanent wilting points (PWP) 
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used in the WINDS model in this simulation were calibrated based on observed maximum and 

minimum moisture content measurements in the field during certain time periods in the 

experiment. The FC for all soil layers were based on the maximum observed soil moisture 

throughout the experiment while the PWP was the lowest measured soil water content during the 

winter drydown period. An example of FC and PWP designations are shown in figure 2 for the sixth 

layer. The upper black line in the figures represent the FC while the lower line is the FC. Layer 6 

had a FC of 25% and a PWP of 14%. 

The WINDS model has tipping bucket and Richards’ equation algorithms that calculate 

water movement in the soil. Water infiltration from the Richards’ equation is based on energy 

differences and hydraulic conductivity. Previous research demonstrated that the Richards’ 

equation parameters (Van Genuchten soil characteristics) have minimal influence in sandy loam 

soils (Maqsood, 2022). Almost all the soil flux between layers is accounted for in the tipping bucket 

model on the day after irrigation or rainfall events. Van Genuchten soil characteristics (Waller and 

Yitayew, 2015; Maqsood et al., 2021a) were assigned based on sand, silt and clay percentages in 

the upper 30 cm with the Rosetta model (Schaap et al., 2001). These were close to the default 

values for sandy loam soils (Table 3). 

2.5 Manual plant field measurements of plant height and canopy cover 
 

The WINDS model uses plant height and canopy cover for the FAO56 evaporation 

calculation. Manual measurements of plant height and canopy cover were conducted for nine 

plants per plot once every 30 days from June 2018 through March 2020. This was also done to 

calibrate the remote sensing vegetation indices (VIs) that estimate plant height and canopy 

coverage (El Shikha et al., 2022). 
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2.6 Remote sensing data used to estimate Kcb, plant height and canopy cover 
 

Drone NDVI and RGB data generated vegetation indices, canopy cover (1 - C) and crop 

coefficient (Kcb) values (Elshikha et al., 2022a). This information allowed for the generation of 

remote sensing (RS) and WINDS plant growth curves (figures 15 and 17). 

Two drone systems were implemented for collecting the RS data. The first was a Phantom 

4 Pro V2.0 drone (Da-Jiang Innovations (DJI), Nanshan District, China). It collected RGB images 30- 

60 m above the ground. Canopy cover was calculated from the RGB images through a hue, 

saturation and intensity (HIS) color space algorithm (Thorp & Dierig, 2011). An example of an 

orthomosaic RGB image used to derive canopy cover is shown in figure 3. A mask was used to 

generate weekly averages for each plot. 

The second drone system was an Inspire 2 (DJI, Nanshan District, China) that contained a 

multispectral MicaSense Altum sensor which has five bands (Blue [475 nm], Green [560 nm], Red 

[668 nm], Red Edge [717 nm], Near Infrared [842 nm]) and a thermal infrared (LWIR) band [8000 

– 14000 nm]. Reflectance from the crop canopy (near infrared [NIR] and red [R]) allowed for the 

generation of a Normalized Difference Vegetation Index (NDVI). (Tucker, 1979). 

NDVI = (NIR-R)/(NIR+R) (2) 
 

NDVI data was used to estimate plant height and crop coefficients through the use of linear 

regression equations developed by Elshikha et al. (2022a). An image portraying the variation in 

NDVI across the MAC guayule field site is shown in figure 4. The WINDS model utilized a two- 

season crop coefficient curve (Kcb) based upon the RS measurements. 
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2.7 Root growth model and actual ET fraction procedure in WINDS 
 

Guayule has a two-year growing season with dormancy periods during each winter. It 

required a root growth model with five root growth stages (Bucks et al., 1984, Bucks et al., 1985a, 

Bucks et al., 1985b). Root growth patterns were established based on observed moisture 

depletions in layers during the growing season (figure 9). The segmented root growth curve was 

similar to the root growth model by Bucks but had an extra inflection point in the first development 

phase. Comparison of WINDS simulations with observed moisture contents were used to calibrate 

the WINDS fractional ET table in a trial-and-error procedure (Maqsood et al., 2022). The patterns 

were adjusted for each root depth in order to match observed water extraction patterns (Table 2). 

3. Results and Discussion 
 

The section describes the evapotranspiration and irrigation cycles. It then compares 

observed soil moisture in layers with simulated moisture contents. 

3.1 Evapotranspiration and irrigation 
 

As a two- season crop, guayule has a unique growth and evapotranspiration cycle. Figure 
 

5 shows the evaporation, reference evapotranspiration (ETo), transpiration and crop ET. 

Evaporation was the major component of evapotranspiration in the first several months and was 

a function of surface wetting cycles. After this period, it became negligible and was no longer a 

significant factor in overall ET, as shown by the absence of the dashed line after DOY 270 in figure 

5. Thereafter, ET was mainly transpiration. During the first winter to mid-summer of the second 

year, ET fell below ETo. During the second summer, ET fluctuated above and below ETo, depending 

on irrigation timing. In general, ET rose above ETo during the second summer, rising to 13 to 16 
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mm/day. Thus, the crop coefficient rose to 1.3. Crop ET also fell below ETo during the second 

winter. 

Figure 6 shows rainfall and irrigation depths along with deep percolation amounts. The 

rainfall and irrigation account for water inputs into the WINDS model while deep percolation and 

crop ET correspond to the losses that occur in the soil system. In the WINDS model, deep 

percolation occurs when the average soil water content in the soil profile is greater than the 

average field capacity. Leaching was significant during crop establishment with sprinkler irrigation. 

There was no leaching after crop establishment because the irrigation schedule was based on the 

level of depletion below field capacity. 

After the establishment period, irrigation events were 1 to 2 weeks apart. They were larger 

and less frequent during the second year because of a deeper root zone. Irrigation events were 

generally in the range of 70 to 90 mm. Irrigation was cut off during winters. Precipitation was 

minimal in comparison to irrigation. Only a few precipitation events were greater than 10 mm 

during the second year and a half. 

3.2 WINDS simulation vs. average water contents in layer. 
 

One of the primary goals of this paper is to evaluate whether the WINDS model can 

accurately simulate soil moisture content throughout the duration of a two-year field guayule 

growth cycle. Figure 7 shows WINDS model soil moisture simulations and NMM water content 

readings for the whole soil profile consisting of seven soil layers plus an evaporation layer. The 

NMM readings represent averages of the six access tube locations in the furrow irrigation 

treatment, except for one access tube, which had extremely low water contents in lower layers 
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and was a statistical outlier. The WINDS model was calibrated by specifying ET fractions as a 

function of root depth. Thus, it was able to simulate NMM readings for 18 months with 59 sets of 

NMM readings. After the further calibration of soil and crop parameters, the WINDS model soil 

moisture simulations were closely correlated with the observed NMM water content readings 

during the whole experiment (August 2018 to March 2020). 

There was a discrepancy between the WINDS model and the observed NMM readings at 

the end of the experiment in layer 4. This difference is explained by the lack of actual infiltration 

in the field from the third to fourth layer after one irrigation. This infiltration behavior did take 

place in the WINDS model. 

The WINDS model simulations show that there are frequent and large soil moisture cycles 

in the upper soil layers (layers 6 and 7). However, these moisture cycles decrease in frequency and 

intensity with depth. Therefore, most transpiration takes place in the upper layers. These levels of 

fluctuation are reflected in the high values in the upper rows of the ET Fraction worksheet (Table 

2). 

Characterizing the responses of the middle and lower layers in the WINDS model to 

irrigation events is challenging because these layers are at the lower boundary of infiltration 

events. Layer five responded to five irrigation events with higher applied water. Layer four did not 

respond to any irrigation events in the observed moisture contents but had two responses in the 

WINDS model. Neither the WINDS model, nor the observed data showed any responses to 

infiltration events in the lower three layers. This result shows that the fourth and fifth layers were 

the boundary layers of the active root zone. 
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After soil moisture was brought to FC in the entire soil profile during establishment, the 

lower layers gradually decreased in soil moisture during the first year and second year. The lowest 

layers were the last to reach minimum soil moisture. In order to simulate this pattern in the WINDS 

model, roots reach the lowest layers during the second year; however, the fraction of total ET 

(Table 2) was extremely low. 

The observed differences between FCs and PWPs from the NMM readings were about 

twice as much for the upper and middle layers compared to the lower ones. It is possible that 

compaction reduced the soil water holding capacity in lower layers or that water contents did not 

drop to PWP due to lack of rooting. Soil analysis showed that the upper and lower layers had 

similar sandy loam soil texture (El Shikha et al., 2019); however, if the purpose is to simulate soil 

moisture content, then observed incorrect “permanent wilting point” values might be more 

accurate in the model then values based on laboratory measurements. 

3.3 Variation of neutron moisture meter moisture contents 
 

This section evaluates the variability of NMM readings between access tubes and the ability 

of the WINDS model to simulate this varying soil properties. The six NMM readings along with the 

average WINDS model soil moisture simulations are shown in figures A1 – A7 in the appendix. The 

different replicates (R1 – R6) exhibit similar trends although they have different values of FC and 

PWP. Adjustments of crop, root growth and uptake parameters for the average of the replicates 

resulted in accurate average WINDS model simulations in replicates after adjustments of FC and 

PWP for each replicate. One replicate (R5, Figures A3 – A5) had much lower soil moisture content 

readings in layers three to five than the other replicates. Therefore, the average value omitted this 

replicate for lower layers. The lower water contents might have been 
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due to a sandy lens. In general, the upper layers have similar soil properties between access tubes, 

which is probably due to long-term cultivation practices and associated soil mixing. 

In general, the adjustment of parameters for the average resulted in accurate simulations 

of the individual replicates. This implies that once the WINDS model ET fraction and crop 

parameters are adjusted for a certain crop, soil type, and climate, it can be transferred to other 

locations with similar but not the same soil characteristics. 

Inspection of the graphs (figures A1 – A7) indicate the spatial variation of soil properties. 

The largest variations are in the lower layers (one through three). For example, layer 3 has some 

field capacities in the upper twenties (R3 & R4) while others are in the lower twenties (R1, R2 & 

R6). Overall, there was less variation in measured soil water contents in the upper layers due to 

cultivation practices. 

3.4 Plant height and fractional canopy cover curves for two-season guayule 
 

Figure 8 displays remote sensing (RS) and WINDS model curves for plant height and 1 – C 

(one minus canopy cover), which are used for the calculation of the evaporation coefficient (Ke). 

Canopy cover for guayule has three stages: initial (I), development (D) and endseason (E) (figure 

9). Unlike most crops which have exponential canopy cover curves, the guayule canopy cover 

increases linearly. It has a longer development phase (D) than root depth and plant height. There 

was complete canopy cover by the end of the first growing season (180 days). A linear regression 

equation that represents canopy cover for guayule from RGB measurements was developed by 

Elshikha et al. (2022a). It did a much better job of estimating canopy cover than NDVI. Elshikha's 

guayule canopy cover model was incorporated into the WINDS model. 
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Plant height and root growth curves have the same two-year growth stages which consist 

of an initial stage (I) plus year one and two development (D1 & D2) and midseason (M1 & M2) 

stages. Plant height started at 0.10 m at the initial stage and then increased steadily during the 

first development stage (D1) until it reached a height of 0.75 m by later October of 2018. The first- 

year midseason (M1) then went through the fall and winter seasons until it resumed growth in 

March of 2019. It continued to grow until it reached a final height of 0.92 m during its second-year 

development stage (D2). The last midseason growth stage (M2) lasted from September 2019 until 

the end of the experiment in March 2020. Elshikha et al. (2022a) calibrated NDVI to plant height 

for guayule. This was done for all irrigation treatments including the subsurface drip treatments. 

A linear regression equation involving NDVI and plant height (El-Shikha et al., 2022a) characterized 

the RS curve, which is the basis for generating the plant height curve used in the WINDS model. 

3.5 WINDS root zone configuration 
 

The root growth model was parameterized based on observed soil moisture depletion 

patterns. The curve followed the pattern of Bucks except for greater root growth during the first 

development phase (D1) (Figure 9). The curve that Bucks developed had a root depth of 1.20 m 

by the end of summer and remained that way until the next growing season. Buck’s curves were 

based on transplanted guayule. In this research, the observed depletion patterns indicated root 

growth to 1.55 m depth during the first summer until the beginning of the first midseason (M1) 

growth stage that lasted through the winter. During the second development phase (D2), roots 

grew from 1.55 to 2.00 m, which was the lower limit of soil measurements from the NMM. Roots 

might have grown beyond 2.00 m; however, there was minimal soil water extraction in the lower 
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layers so neglecting root uptake below 2.00 m had minimal effect on the overall simulation. This 

might not be the case in deficit treatments where roots might pull more water from lower layers. 

Correlation between the WINDS model soil moisture curves and NMM readings during D1 

for the middle layers required a change in slope in root growth during D1. This created two 

separate D1 development periods (D1a and D1b). During D1a, root depth increased from 0.10 to 

0.50 m during the first 75 days. During the second part of the first development stage (D1b), root 

growth rate increased, increasing from 0.50 m to 1.55 m during the next 100 days. The 

development (D2) to midseason (M2) year two depth increased from 1.55 to 2.00 m in 120 days. 

3.6 Basal crop coefficient (Kcb) curves 
 

Weekly Kcb crop coefficient values were calculated from NDVI values provided by El Shikha 

et al. (2022) from related research. The remote sensing NDVI-Kcb relationship was calibrated with 

data from the same experiment. Then the segmented Kcb curve used in the WINDS model was 

estimated based on the weekly Kcb values (figure 10). 

Table 1 shows the Kcb growth stages. There were two sets of similar development, 

midseason, and endseason growth periods for this two-year crop (Table 1). The second-year 

growth stages (D2, M2, L2, E2) had periods that are 1.5 to 2.0 times longer than the first-year 

growth stages (D1, M1, L1, E1). The first development period, D1, lasted from June to August of 

2018. The second season development (D2) went from March to June of 2019. The reason for this 

is that the crop begins growing from March of the second year. The Kcb for M2 is 1.23, which is 

larger than the M1 Kcb value of 1.14. The segmented Kcb curves from remote sensing values 

resulted in accurate simulation of soil moisture in layers. 
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Although the duration of second year growth stages is larger than the first year, the shapes 

of the curves are the same, which means that the crop can be simulated in crop growth and 

irrigation models with the same pattern of stages during each year. This would be done as a 

sequence of individual years, where the conditions at the end of the first year represent the 

starting condition of the second year. In general, the linear regression equations relating Kcb values 

to NDVI readings (El-Shikha et al., 2021) agreed with WINDS model simulations. 

3.7 ET root zone fraction configuration 
 

The ET Fraction Worksheet distributed ET from layers for all rooting depths up to 2.10 m, 

which was the maximum depth of the NMM measurements. Correctly setting the ET fractions for 

each soil layer as a function of root depth is the key to forcing the WINDS model to agree with 

moisture depletion in soil layers. Several iterations of adjustments of the root ET fractions were 

required before the WINDS simulated water contents agreed with the observed moisture contents 

(Table 2). Iterations were conducted by trial and error, but a neural network or genetic algorithm 

model might be suitable for this type of iteration in the future. 

Most of the transpiration was allocated to the top two layers (layers 6 and 7), especially 

prior to the time that roots reached the full length, varying between 60 – 95% of the total ET during 

the entire experiment. Higher ET fractions corresponded with greater fluctuations of water content 

in layers 6 and 7 (Figure 7) observed in the NMM readings. 

3.8 Statistical analysis of WINDS correlation with neutron moisture meter data. 
 

Separate WINDS soil moisture curves were generated for each replicate (R1 – R6) of the 

F100 treatment. Crop and root growth parameters remained the same for all replicates but the FC 
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and PWP values varied between locations for each soil layer. Visual inspection indicates close 

correlation of WINDS simulation curves in all soil layers to their corresponding NMM readings 

(Figures A8-A50). These results are encouraging since there were 42 different combinations of 

NMM replicates associated with specific soil layers that matched the model. This verifies that the 

calibrated WINDS model can accurately simulate soil moisture in layers. 

The correlation between all WINDS model soil moisture curves and the NMM readings was 

tested statistically with a root mean square error (RMSE) analysis. The results of this analysis are 

shown in table 4. The majority of the RMSE values were well below 5%, usually in the range of 1% 

– 3% (Table 4). Only layer seven had RMSEs larger than 5%. They were high for layer seven because 

it includes the evaporation layer which behaves differently than the layer below it. The inclusion 

of the evaporation layer caused the overall water content to drop below PWP in layer seven. 

The robustness of the WINDS model for modeling different soils in specific layer indicate 

that it can be used in tandem with soil moisture sensors such as a NMM or TDR, in single layers or 

measuring the entire profile. 

4. Conclusion 
 

The WINDS model accurately simulated the average soil moisture content of the furrow 

irrigated treatment during the two years (between 2018 – 2020) of the experiment. It successfully 

simulated the average as well as the individual NMM readings. This project incorporated a two- 

year crop coefficient curve for guayule, as well as root depth, canopy cover, and plant height 

curves that were necessary for the WINDS model calibration process. Curves were based on 

remotely sensed indices. A root growth curve similar to the one described by Bucks et al. (1984, 



67  

1985a, 1985b) accurately represented root growth but required a two segmented development 

(D1a and D1b) stage and deeper final root depth. The majority of water was extracted by the roots 

from the upper two layers, which usually accounted for around 70 – 80% of ET for the crop. The 

calibrated WINDS model accurately simulated soil moisture in similar soils but with different soil 

properties. Root mean squared error was generally in the range of 1% - 3% for all replicates and 

layers. 
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Abstract 
 

The WINDS (Water-use, Irrigation, Nitrogen, Drainage, Salinity) model simulated the soil 

water content in layers for subsurface drip irrigated guayule. The soil profile was divided into seven 

layers, each 30 cm deep, plus an 11.5 cm evaporation layer within the upper part of the top layer. 

The field experiment took place at the Maricopa Agricultural Center (MAC) farm in Maricopa, AZ 

from 2018 – 2020. The model used two-season crop coefficient, plant growth, canopy cover and 

root growth curves. The WINDS simulation relied on tables to define transpiration fraction and 

horizontal fraction wetted (FW) in soil layers during the growth phases. The observed water 

content data were obtained from six neutron moisture meter (NMM) access tubes. Although 

water content observations indicated that roots grew to 1.2 m, almost all water extraction was in 

the upper two layers below the evaporation layer. The two-season crop coefficient was based 

upon remote sensing measurements and a soil water balance based on neutron moisture meter 

measurements. There were first- and second-year development, midseason and late-season 

growth stages similar to those of the flood irrigation treatment. The year two midseason basal 

crop coefficient (Kcb) was significantly higher (1.3) than the first year Kcb (1.1). The estimated 

wetted widths were similar to calculations by an equation of wetted diameter for a line source SDI 

system (Singh et al., 2006) in the given soil. There was high correlation between simulated and 
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observed water content in the upper two layers. Because greater than 99% of wetting and root 

water uptake in this drip irrigation study took place in the upper layers, there was little correlation 

between observed and simulated water contents in lower layers; however, the lack of correlation 

is not consequential since the overall water balance for the drip system is insensitive to water 

content in the lower layers. 

1. Introduction 
 

Guayule is a low water use crop that is extremely drought tolerant and is resilient to 

stressed and uncertain water resources in southwestern US desert agriculture. In this research, 

the WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity), water management model 

simulated subsurface drip irrigation (SDI) of guayule. 

The water supply in Arizona faces the threat of being decreasing substantially due to the 

western drought in the US. Even with the Arizona Groundwater Management Act, groundwater 

supplies are becoming severely depleted. Surface water supplies are also diminishing, and Arizona 

agriculture will experience a reduction of 500,000 acre-ft of Colorado River water in 2022 due to 

drought (McGuire, 2021). Water conservation and reduction efforts are needed to sustainably 

maintain water supplies in Arizona. The Arizona Department of Water Resources (ADWR) has 

instituted Best Management Practices (BMP) for farmers to conservatively use groundwater (York 

et al., 2020). The practices include water conveyance system improvements, farm irrigation 

systems, irrigation water management and agronomic management measures (ADWR, 2020). 

As part of the Sustainable Bioeconomy for Arid Regions (SBAR) NIFA center, the WINDS 

model is currently being used to simulate water content levels of guayule, guar and cotton in clay 
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loam and sandy loam soils using sprinkler, drip, and flood irrigation treatments, respectively 

(Maqsood et al., 2021a; Maqsood et al., 2021b, Katterman et al., 2022). In this research, the 

WINDS model simulated drip irrigation of guayule crop in a sandy loam soil. 

Subsurface drip irrigation (SDI) applies water directly to the root zone. The drip tube or 

drip tape is normally placed 6 – 10 in (15 – 25 cm) below the soil surface. Hunsaker et al. (2019) 

grew guayule on SDI and furrow irrigation and demonstrated that SDI treatments had higher dry 

biomass and rubber percentage content than furrow treatments. 

In general, SDI provides better crop water use and plant growth than surface drip and flood 

irrigation methods. Tomatoes had higher irrigation water use efficiency and yield with SDI than 

surface drip (Al-Ghobari & Dewidar, 2018). Umair et al. (2019) cultivated wheat using SDI, surface 

drip, and flood irrigation and found that SDI increased irrigation water productivity while reducing 

ET requirements. 

Models can optimize SDI irrigation scheduling to optimize crop water use efficiency. Arbat 

et al. (2020) optimized SDI irrigation scheduling for rice with Hydrus-2D by predicting soil water 

content, seepage and plant soil water extraction. 

Many researchers have predicted drip wetted diameter with empirical equations to 

determine the appropriate distance between laterals and emitters as well as the depth of the 

emitters. Karimi et al. (2021) performed nonlinear regression analysis to estimate the wetted area 

and water redistribution patterns of SDI. Shiri et al. (2020) simulated the wetting front dimensions 

for surface and subsurface irrigation using genetic algorithms in machine learning and random 

forest methods. Rasheed (2020) developed empirical formulas to estimate the wetted width and 
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depth for SDI based on initial soil water content and other parameters. Ismael and Karim (2020) 

calculated the maximum diameter of the wetted area under the emitter based on emitter 

discharge rate, soil clay content and saturated hydraulic conductivity. 

Guayule is a perennial shrub native to the Chihuahuan Desert. It tolerates high heat and 

long periods of water deprivation and is extremely drought tolerant. The guayule root system 

grows down to water (Bucks et al., 1985a) and then stop water use under severe water stress. In 

the early 19th century, the Continental Rubber Company in Mexico grew guayule and supplied 

rubber to the United States during a period of high Hevea rubber prices (Ray et al., 2005). 

Currently, Hevea trees are the only source of natural rubber sold as a commodity. However, 

obtaining rubber from Hevea could be risky in the future due to increased supplies needed by 

growing industrialized countries, labor shortages, and threats of fungal disease that have been 

known to decimate Hevea stands (Cornish, 2017). 

Guayule rubber has been more expensive than Hevea rubber. Recently, a Life Cycle 

Analysis (LCA) study of guayule cultivation and processing placed the break-even price of the 

rubber at $3.08 per kg (Sproul et al., 2020). In the last five years, SBAR research and development 

has sought to reduce the cost of guayule cultivation and rubber production (SBAR, 2020). As part 

of this research effort, Bridgestone Americas, Inc. implemented a 300-acre Agro Operations and 

Research Farm as well as their Biorubber Process Research Center located in central Arizona (Saint 

Aude, 2021), and the University of Arizona established guayule experimental plots at the MAC. 

Irrigation experiments conducted at these sites examined the production of guayule biomass, 

rubber and resin based on irrigation amounts. Wang et al. (2022) revealed that biomass, resin, and 

rubber yields increase with seasonal depth of applied water while rubber and resin content 
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(percentage) do not. The SBAR project also demonstrated the application of remote sensing for 

effective irrigation management of guayule. This included generating vegetation indices that help 

evaluate plant growth and water usage using drones. Elshikha et al. (2022) developed linear 

regression models to estimate fractional canopy cover, basal crop coefficient values and yields of 

guayule rubber, resin and biomass, based on remotely sensed indices. 

There are several types of soil water balance and crop growth models used in irrigation 

management and analysis. Crop growth models such as CROPWAT (Smith, 1991) and AquaCrop 

(Steduto et al., 2009; Raes et al., 2009) calculate ET on a daily basis while simulating plant growth 

parameters. Most of these crop models are not developed for industrial crops such as guayule; 

however, the crop model, CROPGRO, simulated the daily growth of Carinata (Boote et al., 2021) 

which is an upcoming crop that produces biodiesel. Hydrologic models such as SWAT and APEX 

simulated ET and managed irrigation through the use of an auto-irrigation function (Chen et al., 

2017; Tadese et al., 2018). HYDRUS 1D, 2D, 3D (Ṧimůnek et al., 2008a, Ṧimůnek et al., 2008b, 

Ṧimůnek et al., 2016) realistically simulate soil water processes within the soil profile. For example, 

HYDRUS 2D and SALTMED were utilized to evaluate the water savings effectiveness of partial root 

zone drying and deficit irrigation strategies (Karandish & Ṧimůnek, 2019). 

The WINDS model (Waller and Yitayew, 2015) is a daily time step model that simulates 

plant water consumption and soil water status. This research shows that the WINDS model 

accurately simulates moisture content in soil layers for drip irrigated guayule. Other SBAR 

experiments have demonstrated accurate simulation of water content in layers under furrow 

irrigation (Katterman, 2022; Maqsood, 2022). 
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This research extends the WINDS model to simulation of subsurface drip irrigation. WINDS 

models SDI soil wetting patterns by allocating subsurface water to layers, estimating the horizontal 

wetted fraction in soil layers, and allocating transpiration fractions to layers. As with the furrow 

WINDS two-year guayule model, crop coefficient, root growth, and canopy cover models are based 

on weekly remotely sensed indices. The drip irrigation model also had a shallow root growth curve, 

as would be expected for drip irrigation. 

2. Materials and Methods 

 
2.1 Description of field irrigation study and related methods 

 
In April 2018, guayule was direct seeded in a 1.0 ha field irrigation study at the University 

of Arizona, Maricopa Agricultural Center (MAC) farm in Maricopa, AZ. (33.07 ⁰N lat.; 111.97 ⁰W 

long.). The field consisted of eighteen 75-m long plots; 6.1 m wide with six rows for each plot that 

were spaced 1.02 m apart. The experiment utilized the guayule AZ-2 accession. Seeds were 

planted using a four-row planter (Mini-seeder, Manosem, Inc., Edwardsville, KS, USA) pulled by a 

power train tractor along (0.20 – 0.30 m wide and 0.15 – 0.20 m high) raised bed rows on April 20, 

2018. The crop was established with a sprinkler system (Elshikha et al., 2019). 

The irrigation study utilized a split-plot design with field location as the main plot and the 

irrigation treatments as the split-plots (Elshikha et al., 2019). Figure 1 shows the locations of each 

treatment and six (D100) replicates used in this study. The SDI treatments were established as 

percentages of the full control 100% SDI treatment and are labeled as D50, D75, D100, D125 and 

D150. The only treatment with flood irrigation, named F100, was the furrow irrigation control for 

the study. 
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The SDI plots were irrigated through six valves at the control station that distributed the 

water to the three replicates of each of the six drip treatments. Each valve station had a flow 

meter, pressure regulator, pressure gauge and air vent. In the center of the beds, 16.1 mm 

diameter by 15 mm thick drip tape was buried 0.20 m underground and delivered water to 

emitters spaced 0.31 m along the drip tape at a flow rate of 1.25 LPH. The SDI irrigation treatments 

were based on a control treatment (D100) that delivered 100% of crop evapotranspiration (ETc) 

needs (Elshikha et al., 2019). The water given to the D100 treatment during each irrigation was set 

to match a 35% or less soil water depletion (SWD) level as stipulated by Hunsaker et al., 2019. The 

other SDI treatments of D50, D75, D125 and D150 obtained 50%, 75%, 125% and 150% the amount 

of water during each irrigation, respectively, compared to the 100% control (D100). An Excel soil 

water balance model scheduled irrigations and amounts applied. The model includes water inputs 

from rainfall and irrigation, estimated ET based on FAO56 (Allen et al., 1998), and soil moisture 

measurements from a NMM. The depths applied and irrigation schedule were inputs to the WINDS 

model. The irrigation depths during the two-year experiment are shown in Figure 5. After planting, 

there were over two weeks of sprinkler irrigation during germination, followed one furrow 

irrigation during establishment, before the experiment started. 

There were 282 irrigation events (7 sprinkler, 1 furrow and approximately 280 drip) and 65 

days of rainfall during the two-year guayule experiment. Irrigations were triggered by a 

management allowed depletion (MAD) level of 0.55-0.65. Once triggered, irrigation events were 

conducted on consecutive days to bring the water content back to field capacity. 
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2.2 Meteorological data 
 

At Maricopa, the average air temperature is 69 ⁰F (20.6 ⁰C) and average rainfall is 7.4 in 

(188 mm). The climate is semiarid to arid with mostly clear skies and little rainfall (Weather Base, 

2000). The meteorological data for this experiment and the WINDS model was taken from the 

Arizona Meteorological Network (Brown, 1989: AZMET; 

https://cals.arizona.edu/AZMET/index.html) weather station at the MAC, which is near the 

experiment. The WINDS model downloads daily minimum and maximum air temperatures, 

minimum relative humidity, wind speed, precipitation, and reference ET calculated from the ASCE 

standardized Penman-Monteith equation. 

2.3 Neutron moisture meter measurements 
 

All flood and SDI treatment plots (18 total) contained two NMM access tubes each for a 

total of 36 tubes. The access tubes were 2.25 m long by 51 mm diameter galvanized steel tubes. 

The neutron moisture meter (NMM) (Campbell Scientific) took readings every 0.30 m for a seven- 

layer soil profile from 0.15 m below the soil surface to 1.95 m (Katterman et al., 2022). 

Measurements were performed every week or two weeks from Aug. 7, 2018 to Mar. 3, 2020, with 

a total of 59 measurement days. 

2.4 Soil characteristics 
 

The soil is a sandy loam soil. In the WINDS model, field capacity (FC) and permanent wilting point 

(PWP) were assigned based on observed water contents after irrigation and during soil water 

depletion periods (Katterman et al., 2022). The maximum observed soil moisture was assigned as 

FC and the PWP was the lowest measured soil moisture content. This criterion was applied 

throughout the duration of the experiment. The magnitudes of FC and PWP are shown in figure 2 

https://cals.arizona.edu/AZMET/index.html
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for the sixth layer. The lines in the figure 2 represent the assigned values for FC and the PWP in 

layer 6, 25% and 14%, respectively. Van Genutchen soil parameters (Waller and Yitayew, 2015; 

Maqsood et al., 2021a) were input into the WINDS model for all soil layers based upon the sand, 

silt and clay percentages of the upper soil layer as calculated by the Rosetta model (Schaap et al., 

2001). In a furrow irrigation study, the VG parameters had a minimal effect on the simulation 

(Maqsood et al., 2021b) since soil moisture equilibrates after irrigation and moisture content is 

determined with the tipping bucket model on the day after irrigation and rainfall events; however, 

the saturated hydraulic conductivity is an important parameter in estimates of wetted width of 

the drip wetted area. Although Van Genuchten parameters are normally important in drip 

irrigation calculations, the WINDS method of drip irrigation water distribution in the top layers 

limited the water redistribution after irrigation. 

2.5 WINDS linear segment growth curves 
 

Vegetation indices (VIs) were generated from weekly drone remote sensing measurements 

in order to estimate plant growth parameters and Kcb curves. Elshikha et al. (2022) generated 

linear regression equations for plant height, canopy cover and Kcb. Remotely sensed 

measurements guided the development of linear segment curves for plant height, canopy cover 

and Kcb in the WINDS model. 

Two drone systems were used. The first drone system (Phantom 4 Pro V2.0) generated 

estimates of canopy cover based on RGB image analysis. An image analysis algorithm used by 

Thorp & Dierig (2011) evaluated hue, intensity and saturation (HIS) color space to evaluate canopy 

cover. Canopy cover was calculated as the plant class pixels over the total pixels. An Inspire 2 drone 

with multispectral MicaSense Altum sensor with five UV-VIS bands (Blue [475 nm], Green [560 
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nm], Red [668 nm], Red Edge [668 nm], and Near Infrared [842 nm]) measured NDVI, which uses 

the red and near infrared bands (Tucker, 1979). 

Plant height and canopy cover were manually measured for the purpose of providing plant 

parameters in the FAO 56 dual crop coefficient method. Measurements were taken for nine plants 

per plot once every 30 days from June 2018 through March 2020. They were also utilized to help 

calibrate the remote sensing estimates of plant height and canopy cover (Elshikha et al., 2022). 

The two-stage guayule root growth model initially developed by Bucks for guayule grown 

in Arizona during the early 1980’s (Bucks et al., 1984; Bucks et al., 1985a; Bucks et al., 1985b). was 

adjusted to the direct seeded guayule root growth patterns in this experiment (Figure 8). At the 

same time, the fractions of ET removed from specific soil layers during growth stages were 

adjusted in the ET fractions table (Katterman et al., 2022). 

2.6 Horizontal fraction wetted in soil layers 
 

Subsurface drip irrigation does not entirely wet the horizontal width of the soil profile. The 

wetted width is a function of emitter flow rate, application time, and soil parameters. The Fraction 

Wetted (FW) worksheet contained within the WINDS program defines the wetted fraction for each 

layer during the growth phases. 

Specification of the FW widths in this research was done through a trial-and-error process. 

However, equations from the literature can also serve as a guide for establishing the FW widths. 

Some equations determine the fraction wetted in the layers above and below the emitter. In this 

research, we compared the calculated wetted widths from an equation (Singh et al., 2006) with 

the widths obtained by trial and error. 
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3. Results and Discussion 
 

This section first presents the overall ET and water balance. Comparison of simulations with 

observations shows that the simulation of the upper layers was accurate but that simulation of 

water content in lower layers was not; however, in the model, all of the water is applied to upper 

layers, and the maximum potential fraction extracted from lower layers is in the range of 10 to 

20%. The guayule two-year crop coefficient and other plant growth parameters are defined by 

remote sensing and a water balance. Finally, the horizontal wetted fractions in the model are 

compared to calculated drip wetted bulb diameters. 

3.1 Evapotranspiration 
 

Reference evapotranspiration (ETo) from the Arizona Meteorological Network (AZMET) is 

an input to the WINDS model, and crop evapotranspiration (ETc), transpiration and evaporation 

are calculated based on the crop coefficient and plant parameters. The crop coefficient was 

calibrated based on a water balance based on NMM measurements and remote sensing. The 

transpiration curves had two peaks during the 2018 to 2020 growth cycle (figure 3). With the FAO 

dual crop coefficient model, evaporation was a significant fraction of overall ET during the initial 

growth phase when canopy cover was low, and the crop was irrigated by sprinkler and then furrow 

irrigation. Evaporation decreased as the canopy grew and ended, other than rainfall events, with 

the initiation of subsurface drip irrigation. Surface evaporation is zero in the WINDS simulation of 

SDI unless there is precipitation because the WINDS model applies water to the layers below the 

evaporation layer for SDI irrigation. Although there were also major precipitation events prior to 

the time that the canopy completely closed, there was no evaporation. This means that the 

calculated transpiration in the FAO56 dual crop coefficient model, was at or above the limit of 
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total evapotranspiration from the crop based on the energy balance and atmospheric limitations 

on water transfer. 

Once there was complete canopy cover in the fall of 2018, reference ET (ETo) was similar 

to crop ET (ETc). Then, as the plants went dormant in the winter, ETc dropped below ETo. It 

remained below ETo until the summer of the second year. The crop ETc (transpiration) then 

reached levels well above ETo, and the crop coefficient was 1.3 during the second summer and 

early fall. The ETc was generally 12 – 14 mm/day during the second summer. During the second 

winter, ETo was again much higher than ETc because of dormancy. Subsequently, the crop was 

harvested. 

This was a fully watered treatment; however, unpublished recent research has shown that 

guayule can withstand extremely low water application. In addition, a companion paper shows 

that ET from underwatered treatments in this experiment was significantly lower than the fully 

irrigated treatment. 

3.2 Rainfall, irrigation events and leaching 
 

Figure 4 shows rainfall and irrigation events, as well as seepage below the root zone. 

Irrigation events took place on a daily to weekly interval. Drip irrigation events were generally in 

the range of 7 to 10 mm/day but ranged up to 24 mm applied on some days. Corresponding 

irrigation times were 3 to 10 hours per day. There was no irrigation during the two winter 

dormancy periods. 

Leaching (seepage) in the model was extensive during sprinkler establishment and 

germination. There was also leaching in the model during the first fall (~DOY 280), which was a 
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period with monsoon activity and two major hurricane storms that moved across Arizona from 

Mexico. The lower layers remained at field capacity before and after the storms, so the leaching 

event was not observable in weekly moisture measurements. It is possible that the WINDS model 

showed more leaching than actually took place because it narrowed the soil profile in order to 

simulate the horizontal fraction wetted by the drip emitters; however, widening the wetted 

fraction resulted in lower correlation with observed moisture contents in the upper layers during 

regular cycles of drip irrigation. In a dry climate such as Arizona, using a narrow-wetted profile to 

accurately simulate drip irrigation cycles, with the consequence of periodically calculating excess 

leaching due to storms, has greater overall accuracy of water simulation than using a wider soil 

profile. The alternative would be to add in an algorithm to absorb excess water from storms in the 

wider soil profile. 

3.3 Comparison of WINDS simulated soil moisture and observed water content 
 

By adjusting FC, PWP, horizontal wetted fractions in layers, and fractions of ET from layers, 

the WINDS model was calibrated to the average observed moisture content for the six replicates 

in the D100 treatment. Most of the water application and root water extraction was in layers 6 

and 7, which are the two layers below the evaporation layer (Figures 5 and 6, respectively). The 

simulated soil water content curves of layers 6 and 7 were highly correlated with the soil moisture 

readings. Once the model was calibrated to the average soil moisture content, it performed well 

in the replicates, which generally had similar field capacity and permanent wilting point values in 

the upper layers (Figures A1 – A12). As with furrow irrigation, the WINDS model is robust in 

variable but similar soils after initial calibration to the soil type. 
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Figure 7 shows the simulated and observed moisture contents for the evaporation layer 

and the seven soil layers below it. While the upper layers had high correlation between simulated 

and observed values, the lower layers below did not. One difference is that the WINDS simulation 

showed several responses to irrigation events during the second summer in layers 4 and 5, but 

there was no response to these irrigation events in the NMM readings. There was just a general 

slow decline in water content in the lower layers over the course of the year. For example, the 

simulated soil moisture contents suddenly rose in these layers at DOY 680 and then fell below the 

NMM readings over the remainder of the experiment; however, the fact that these layers are 

almost inactive means that little water is withdrawn from the lower layers so simulation accuracy 

in these layers is not critical to the overall water balance. 

The FCs and PWPs increased with depth. Soil analysis showed that all layers in the profile 

had similar sandy loam soil texture (Elshikha et al., 2019). However, a decrease in field capacity 

with depth is normal due to soil compaction. 

3.4 Plant height and canopy cover 
 

The WINDS model simulates plant and root parameters with linear segment curves. The 

WINDS model curves for plant height and one minus canopy cover were derived (Elshikha et al., 

2021) from remote sensing values (figure 8). The plant height curve had a two-year cycle that 

consisted of two development (D1 & D2) and two midseason (M1 & M2) stages. These periods 

were similar to the ones used for the root growth curve (figure 8). In the model, the plant height 

began at 0.1 m and increased to 0.77 m at the end of the first year. During the second year it 

continued to grow until it reached 0.94 m in August 2019 and remained at 0.94 m until the end of 

the experiment. In the model, the canopy cover curve consisted of three growth stages: initial (I), 
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development (D) and end-season (E), which means that canopy cover growth was constant and 

reached full cover in the first year. The first-year plant development plant growth stage lasted 130 

days, and the canopy cover development stage lasted 180 days. In the furrow irrigation treatment, 

the plant height development stage was also 130 days and the canopy cover was 165 days 

(Katterman et al., 2022). 

3.5 Root growth 
 

The original Bucks (1984, 1985a, 1985b) guayule root growth model (figure 9) for flood 

irrigated guayule transplants had deeper root growth than the drip irrigated guayule in this 

experiment. The WINDS root growth curve was based on observed depletion patterns in soil 

layers. In the Bucks model, the initial and midseason (M1 and M2) root depths were 0.1 m, 1.2 m 

and 1.8 m. In this experiment, the drip irrigated depths were 0.1 m, 0.7 m and 1.2 m, and the flood 

irrigated depths were 0.1 m, 1.6 m, and 2.0 m (Katterman et al., 2022). It is not surprising that root 

growth was less in drip irrigated treatments; however, even with the 1.2 m root depth in drip 

irrigated treatments, little water was taken out of the lower layers. The WINDS model showed that 

over 99% of the irrigation water addition and root uptake of transpiration water was in the upper 

two soil layers (layers 6 and 7) while less than 1% of total transpiration water uptake was in layers 

1 to 5. 

3.6 The two-year WINDS Kcb curve 
 

Elshikha et al. (2021) developed a two-season crop coefficient for direct-seeded guayule 

with the data from this experiment based on a soil water balance. Elshikha et al., (2022) then 

developed Kcb vs NDVI equations based on the original crop coefficient curve and remote sensing 

measurements in this experiment. This research used weekly NDVI values and NDVI-Kcb equations 
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to calculate an input Kcb curve for the WINDS model. The guayule Kcb curve included a first- and 

second-year development (D1 & D2), midseason (M1 & M2), late-season (L1 & L2) and end-season 

(E1 & E2) growth stages that were calculated and formed specifically for the D100 treatment 

(figure 10). Setting the development and late-season segments was straightforward; however, the 

first midseason phase and first end season phase Kcb values were not flat, as they are in the WINDS 

guayule Kcb model. They were set at an average value in both cases. In the future, it might be 

appropriate to allow for nonlevel Kcb segments during these periods. The Kcb values were higher 

during the second season with a more mature crop. The first midseason (M1) Kcb value was 1.1, 

and the second midseason (M2) Kcb value was 1.31. Table 1 shows the Kcb values and dates, time 

intervals and DOY ranges of the Kcb growth stages. 

3.7 Assigning ET fractions to soil layers 
 

Specifying the root growth rate and setting the appropriate ET fractions from soil layers as 

a function of root growth enabled accurate simulation of soil moisture patterns in layers over time. 

Fractions were assigned (table 2) through educated guesses that were then tested for correctness 

to the model by observing how the changes affected the WINDS soil water simulations in all of the 

soil layers. In the WINDS model, the roots grew to 1.2 m, which was at the bottom of the layer 4. 

Even though ET fractions were as high as 20% in layers 4 and 5, 99% of transpiration during the 

experiment was removed from layers 6, 7, and 8, which is the upper 60 cm. This is because the 

WINDS drip simulation applies all of the irrigation water to layers 6 and 7, and it is normally 

extracted from those layers. In contrast, layers 4 and 5 are generally dry and the ET fractions 

algorithm does not permit moisture extraction from dry soil. In contrast, roots penetrated to 2.0 

m depth in the flood irrigation treatment in the same experiment, and a significant amount of 
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water was removed from lower layers (Katterman et al., 2022). Along with the ET fractions, the 

fraction wetted in the horizontal direction was a key factor in simulating moisture contents. High 

correlation between simulated and observed moisture contents in layers 6 and 7 indicate that the 

drip application algorithm, wetted fractions, and ET fractions were accurate. 

3.8 Comparison between the calculated and estimated FW values 
 

The introduction of water from evenly spaced emitters approximates a line source of 

water. Depending on flow rate, spacing, and soil characteristics, SDI has a distinct wetting pattern 

shape. Usually a bulb, cone or funnel shape occurs for the whole soil profile with the top layers 

having higher widths compared to the lower ones. In addition, these wetted widths can differ in 

size depending on the growth stage or season of the year. The wetting patterns in these time 

periods are affected by the amount of irrigation water applied and ET taking place in the soil 

profile. 

Horizontal fractions wetted in layers were first adjusted by a trial-and-error method in 

order to obtain the highest possible correlation between observed and simulated moisture 

contents in layers. This was an important calibration procedure for obtaining accurate soil 

moisture simulations. Because almost all of the water is extracted from layers 6 and 7, the focus 

was on estimating the widths in these layers. This section compares the fractions wetted obtained 

by trial and error for layers six and seven during different irrigation periods with widths estimated 

by an equation (equation 1) developed by Singh et al. (2006) to calculate the wetted width of a 

drip line source. The equation has separate calculations in the up and down directions from the 

emitter, but the emitter is placed at 20 cm in while layer 7 that has a lower boundary of 30 cm; 

thus, the lower calculation was representative of layers 6 and 7. An example calculation using 
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equation 1 for approximating the wetted width for the D100 treatment during September through 

November of 2018 is shown below. 

Wetted width = 3.27 * V0.44 * (K / q * Z)-0.06 (1) 

 
Where V = amount of water applied per length of lateral per irrigation (m3/m), K = hydraulic 

conductivity of the soil (m/s), q = emitter discharge rate per length of lateral (m3/s/m), Z = depth 

of lateral (m) 

Example 1: 
 

Width = 3.27 (0.0208 m3/m)0.44 (4.167 * 10-6 m/s) / (1.517 * 10-6 m3/m/s * 0.2 m))-0.06 

 
Width = 0.50 m = FW for a 1 m wide furrow 

 

Because drip tubes are separated by 1.0 m, the fraction wetted (FW) is equal to the width. 

In this case, the irrigation application time was 5 hours and the application rate was 1.25 mm h-1. 

The calculated FW (widths, m) and time intervals for these irrigation periods are shown as the solid 

line segments in figure 11. Each line segment represents an irrigation period where the FW widths 

were equivalent. Also included in the figure are the average applied depths for the entire profile 

and the average time per irrigation. 

The calculated FW widths were then compared to the wetted widths from WINDS trial and 

error calibration. These FW values and time intervals are shown in figure 11. The calendar dates 

for each irrigation period are provided as well. Upon inspection of the figure, one will notice that 

the equation FW values are similar but vary from the calibrated values. These differences might 
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be explained by the soil wetting conditions that occurred before the irrigation experiment began 

and prior to the winter dormancy periods. 

During the first year, there were heavier sprinkler and furrow irrigations executed just 

before the first irrigation period in the figure. The higher initial soil water content at the beginning 

of this period resulted in larger estimated FW values for WINDS. Heavier irrigations were also 

applied just before dormancy commenced. This gave higher soil water contents that were 

prevalent in the upper layers before and after dormancy occurred. Even though there were 

noticeable differences between the calculated and WINDS model values, the idea that an equation 

in the literature can provide approximate FW values for guidance in a soil moisture simulation 

model is encouraging; however, the equation should probably be modified by antecedent 

moisture conditions. 

3.9 Application of calibrated WINDS model to replicates 
 

The calibrated WINDS model ET fractions and fractions wetted based on the average in the 

D100 treatments was evaluated for all six replicates in the D100 treatment. The FC and PWP were 

assigned and then compared to the WINDS water content simulations matching the NMM 

measurements for each replicate and layer. The final chosen FC and PWP values for layers 5 – 7 

are shown in Table 3. The initial estimates of FC and PWP for the soil layers were based upon 

values of sand, silt, and clay fractions using the Soil Water Characteristics routine of SPAW (Soil- 

Plant-Air-Water), a USDA hydrologic simulation model (Saxton and Willey, 2005). For the most 

part, FC and PWP values were similar in upper layers. They generally ranged from 22 – 28% for FC 

and 9 – 15% for PWP. The WINDS soil moisture simulations are shown for the upper layers, 6 and 

7, in all replicates in Figures A1 – A12. The NMM soil moisture measurements were a bit lower 
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than the WINDS model water content values towards the beginning of the experiment for layer 7. 

This was the case because guayule can withstand low soil moistures, sometimes at 95 % depletion 

levels. So the WINDS model underestimated the water content from what it should be due to high 

soil water depletion by the guayule. The correlation between the observed NMM measurements 

and the WINDS simulated water content values was much higher in layer 6 than layer 7. This is 

expected since layer 7 NMM readings are influenced by the evaporation layer. The Root mean 

square errors (RMSE) for layers 6 and 7 of the D100 average and replicate treatments are shown 

in table 4. RMSE values averaged (2.84) for layer 6 and averaged (4.17) for layer 7. 

The agreement between the NMM readings and the WINDS simulation of layer 6 in all 

replicates demonstrated that the WINDS model was accurate for this type of application at 30-60 

cm depth. Moisture probes are often placed at 30 cm depth. At this depth, the WINDS model could 

be used as a tool to link total soil moisture content with the NMM reading. 

4. Conclusion 
 

In this WINDS model simulation of drip irrigation with 100% replacement of ET, 99% of the 

water content and ET occurred in the top two soil layers (6 and 7). Individual WINDS model soil 

moisture curves of all replicates had close correlation with NMM readings for layers six and seven, 

particularly layer 6. The simulations of layers 1-5 were not accurate; however, only 1% of total 

transpired water comes from these layers according to WINDS model calculations. The assignment 

of the FW widths for the soil layers and root growth and transpiration fractions was critical to the 

accuracy of the WINDS model. The use of an equation that defined the wetted area from an 

emitter agreed with widths calculated with the model during the midsummer period of the second 

year, but underestimated widths during wet and dry periods. 
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Remote sensing measurements generated two-year plant height, crop cover and crop 

coefficient curves that resulted in accurate simulation of soil moisture. The two-year crop 

coefficient curve had higher Kcb values and longer time periods for all growth stages in the second 

year as compared to the first year. The second year had greater evapotranspiration with larger 

plants. The root growth curve used a previous Bucks growth model for flood irrigated guayule as 

a crude guide for determining the growth stages; however, the midseason year one and two root 

depths were significantly less for the SDI treatment when compared to the Bucks model. In 

addition, the root growth stages had different durations in the SDI treatments. Although the roots 

grew to 1.2 m, almost all of the root water extraction was in the top 60 cm. Even though the 

maximum ET fractions were in the range of 20% in layers 4 and 5, almost no water reached these 

layers from rainfall or irrigation, so almost no water was transpired from these layers. 
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Abstract 

 
A guayule deficit irrigation field experiment was conducted at the Maricopa Agricultural 

Center (MAC) farm in Maricopa, AZ from 2018 – 2020. The WINDS (Water-use, Irrigation, Nitrogen, 

Drainage, Salinity) model simulated the soil water content of five subsurface drip irrigation 

treatments. The five SDI treatments consisted of 50% (D50), 75% (D75), 100% (D100), 125% 

(D125), 150% (D150) of a 100% control applied water amount. The soil type at MAC was a sandy 

loam soil. The WINDS model simulated it as seven layers that were 30 cm each in depth, plus an 

11.5 cm evaporation at the top. Soil water content was measured for all SDI treatments using six 

neutron moisture meter (NMM) access tubes. The WINDS model simulations were calibrated to 

the soil moisture readings. All treatments utilized a similar two-year basal crop coefficient (Kcb) 

curve to estimate crop water requirements. The D100 and D150 treatments had similar crop 

coefficients while they were much lower for D50. All year one midseason (M1) Kcb values were 

between 1.0 and 1.1. The year-two midseason (M2) Kcb values were 1.1 for D50 and 1.3 for the 

D100 – D150 treatments. Maximum plant heights varied from 0.76 m – 1.05 m for the drip 

treatments. Final biomass growth for D50 was 21 Mg ha-1 while it was 40 kg/ha for D100 and 

overirrigated treatments. The low crop ET, crop coefficients and plant biomass for D50 indicated 
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that it was very water stressed; however, the plants looked healthy. The other drip treatments, 

including D75, had excellent plant growth and rubber production. 

1. Introduction 
 

Guayule is a unique desert crop that is extremely tolerant to drought stress. This 

experiment used the WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity) model and 

remote sensing to quantify canopy development, root growth, and crop coefficient curves under 

water stress and different irrigation methods. 

The majority of freshwater in arid regions comes from groundwater sources. This 

freshwater is mainly utilized in agriculture. In Arizona, water scarcity has become an issue due to 

groundwater overdraft and increased temperature and reduced rainfall in the Colorado River 

basin. Therefore, it is important to come up with methods to conserve water. There are several 

management strategies that can be enacted to efficiently conserve water for agricultural 

purposes. These include using computer-based irrigation management tools, choosing water 

conserving irrigation systems, cultivating low water-use and drought tolerant crops, and 

optimizing irrigation scheduling. 

Several software programs are available to assess crop water status and assist with 

irrigation scheduling. Programs such as CROPWAT (Smith, 1991), AquaCrop (Steduto et al., 2009) 

and DSSAT (Tsuji et al., 1994) perform these functions as well as simulate crop growth and predict 

yields. These programs also utilize the FAO 56 dual crop coefficient methods to determine crop 

evapotranspiration (ETc) and crop water use. The WINDS program implements the FAO 56 method 
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in conjunction with crop growth and weather data to estimate water requirements for irrigation 

scheduling purposes (Waller, 2021). 

The appropriate irrigation system can efficiently apply water to growing crops in order to 

conserve water. Furrow irrigation is widely used but applies excessive water due to low application 

efficiency. This results in water loss due to evaporation, leaching, and runoff. Irrigation systems 

such as sprinkler, surface drip and subsurface drip are also used in arid regions to help save on 

water consumption. 

Drip irrigation assists with water and energy conservation. Surface drip increases water 

and energy savings compared to sprinkler irrigation due to less evaporative loss and lower 

pressure requirements (Schwankl & Hanson, 2007). Subsurface drip irrigation reduces moisture 

losses from evaporation and percolation because it applies water directly to the root zone. In a 

previous study, almost twice the amount of guayule biomass and rubber were produced with SDI 

compared to surface irrigation (Hunsaker et al., 2019). SDI reduced evapotranspiration 

requirements and increased the biomass and grain yield of winter wheat when compared to 

surface drip irrigation (Umair et al., 2019). 

Water supply from the Colorado river in the Southwestern United States has decreased 

dramatically. In 2022, substantial cutbacks of Colorado river water in Arizona commenced due to 

a Drought Contingency Plan (DCP) (CAP, 2020). Therefore, farming in the future should rely upon 

crops with lower water consumption rates. This includes drought-tolerant plants such as guayule. 

Guayule can survive with little amounts of water. It has the ability to withdraw water from deep 
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within the soil because of its extended root system (Bucks et al., 1985; Hammond & Polhaumus, 

1965). 

The common method of cultivating guayule in the past was transplanting. However, due 

to high labor and other costs, the preferred method of planting guayule is direct seeding. It has 

been estimated that there can be a 50% reduction in planting costs when switching from 

transplanting to direct seeding (Bucks et al., 1986). Currently, the direct seeding method is 

commonly practiced with farms planting guayule in Arizona (Wang et al., 2020). Growing guayule 

from direct seeding requires frequent sprinkler irrigation for a few weeks along with prevalent 

application of herbicides. Several irrigation research experiments (Elshikha et al., 2019; Elshikha 

et al., 2021; Elshikha et al., 2022; Wang et al., 2022) have been conducted with direct seeded 

guayule to evaluate water use, crop coefficients, growth, biomass and rubber yields. 

It has been reported that the commercial production of guayule can take place with as 

little as 280 – 640 mm/yr (NAS, 1977). However, there are direct relationships between depth of 

water applied and yield of biomass and rubber. Recent Arizona irrigation studies have required as 

much as 1300 mm/yr to 2000 mm per yearyr to meet evapotranspiration needs (Bucks et al, 1985; 

Miyamoto & Bucks, 1985; Hunsaker et al., 2019). Deficit irrigation studies use fractional amounts 

of applied water compared to a 100 percent control treatment. They evaluate guayule yield as a 

function of applied water depth. Deficit irrigation strategies can be practiced in regions where low 

water supplies are an issue. The goal is to reduce water consumption while compromising on crop 

biomass or product yield. When farms are limited in water supply, the goal is to increase water 

use efficiency rather than crop yield (Geerts et al., 2009). Water use efficiency is the mass of yield 

divided by the depth of applied water. A relationship can be established between the deficit 
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irrigation strategies and decreases in yields by calculating a yield response factor (Ky) (Steduto et 

al., 2012). The optimal economic yield for crops can be achieved with limited supplies of water 

when utilizing the yield response factor in the appropriate manner. 

The objective with deficit irrigation is to achieve high water use efficiencies with the lower 

irrigation treatments. When deficit irrigation is combined with irrigation methods such as SDI, even 

better water-use efficiencies result. Al-Ghobari & Dewidar (2018) found that the lowest deficit 

subsurface drip irrigation treatment for tomatoes achieved the highest water use efficiency 

compared to other higher ET surface drip treatments. SDI treatments of 60 – 80% of full crop ET 

resulted in higher water use efficiency and adequate yields compared to the 100% treatment for 

winter wheat (Yang et al., 2020). 

The overall goal of this research was to examine the differences in guayule growth, soil 

moisture and water consumption of several different SDI treatments. This was accomplished by 

comparing the crop ET, crop coefficients, plant height, canopy cover and plant biomass among the 

SDI treatments using remote sensing and plant measurements. One of the main objectives was to 

examine the effect that low irrigation had on the above mentioned factors. The WINDS model 

simulations were used to support the idea that high and low irrigation treatments significantly 

affect the plant growth due to soil moisture and evapotranspiration effects. 

2. Method and Materials 

 
2.1 Field irrigation study 

 
An irrigation study conducted at the University of Arizona, Maricopa Agricultural Center 

 
(MAC) farm in Maricopa, AZ (33.07 ⁰N lat; 111.97 ⁰W long.) was started in April 2018. Direct seeded 
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guayule, of the AZ-2 variety, was planted on April 20, 2018 with a four-row planter (Mini-seeder, 

Manosem, Inc., Edwardsville, KS, USA) in a 1.0 ha field consisting of eighteen 75-m plots, 6.1 wide 

spaced 1.02 m apart. After planting, the field was irrigated with a sprinkler system for at least one 

week (Elshikha et al., 2019). The experiment implemented a split-plot design with field locations 

representing the main plots and the irrigation treatments as the split-plots (Elshikha et al., 2019). 

Figure 1 displays a map of all the irrigation treatments at MAC. There were five SDI 

treatments labeled D50, D75, D100, D125 and D150 that were based on the full 100% of crop 

evapotranspiration (ETc) control treatment (D100) (Elshikha et al., 2019). The SDI system consists 

of a control station having six valve sections each containing a flow meter, pressure regular and 

air vent. Each furrow row has 16.1 mm by 15 mm drip tape that went 0.2 m underground 

connecting drip emitters every 0.31 m. The SDI system had a flow rate of 1.25 L per hour. Thus, 

they were 50% (D50), 75% (D75), 125% (D125) and 150% (D150) of the 100% control (D100) 

treatment. The D100 treatment established irrigations at a 35% or less soil water depletion (SWD) 

(Hunsaker et al., 2019). There was one flood 100% control irrigation treatment (F100). 

A water balance model assisted with irrigation scheduling from inputs of rainfall, estimated 

ET, soil moisture measurements and irrigation amounts. ET calculations were based on the FAO 

56 dual crop coefficient model (Allen et al., 1998). Each SDI treatment included at least 270 drip 

irrigation events during the first two years of growth. Replenishment of soil water from irrigations 

was based on a management allowed depletion (MAD) level of 0.65. 
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2.2 Weather data from MAC 
 

Meteorological data for the experiment was taken from the Arizona Meteorological 

Network (Brown, 1989: AZMET; https://cals.arizona.edu/AZMET/index.html) located at the 

University of Arizona MAC farm. The average air temperature and rainfall are 69 ⁰F (20.6 ⁰C) and 
 

7.4 in (188 mm) at Maricopa. The weather from AZMET includes daily minimum and maximum, 

precipitation, air temperatures, minimum relative humidity and wind speed. The daily reference 

evapotranspiration (ETo) was calculated using the ASCE standardized Penman-Montieth model 

(Allen et al., 2005). Crop ET utilized in the WINDS model is derived from the FAO56 dual crop 

coefficient method (Allen et al., 1998). 

2.3 Neutron moisture meter soil moisture measurements 
 

A neutron moisture meter (Campbell) measured soil water content in the soil profile. The 

NMM readings were taken every 0.3 m from 0.15 m to 1.95 m below the soil within galvanized 

steel access tubes that were 2.25 m long. A total of 59 NMM soil moisture measurements were 

performed on weekly or biweekly intervals from August, 2018 until March, 2020. There were two 

NMM access sites per irrigation plot. Volumetric soil water content was calculated from NMM 

measurements and standard counts through the use of an equation derived from soil testing. 

2.4 Soil characterization 
 

The soil profile consisted of a sandy loam soil with seven layers, each 30 cm deep plus an 
 

11.5 cm evaporation layer at the top. Field capacity (FC) and permanent wilting point (PWP) values 

were based on comparison with soil water content measurements obtained just after and in- 

between irrigations. They were chosen based on selected maximum and minimum soil moisture 

measurements from WINDS water content simulation curves. The process for selection is 

https://cals.arizona.edu/AZMET/index.html
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described in more detail by Katterman et al. (2022a). They were used as inputs for the WINDS 

model to assist with daily soil moisture calculations. The WINDS model also included Van 

Genuchten (VG) soil parameters (Waller & Yitayew, 2015; Maqsood et al., 2021a) that relied upon 

sand, silt and clay percentages of the upper soil layer using the Rosetta model (Schaap et al., 2001). 

2.5 Plant field measurements 
 

Manual measurements of plant height and canopy cover were taken from June 2018 until 

March 2020. The sampling consisted of nine plants per plot every 30 days. Remote sensing 

measurements were taken at the same time. These plant measurements allowed calibration of 

remote sensing indices to plant height and fractional canopy cover. (Elshikha et al., 2021). The 

remote sensing measurements were incorporated into the WINDS model to parameters plant 

height, canopy cover, and crop coefficient curves. 

2.6 Remote sensing data 
 

Remote sensing vegetation indices such as NDVI and RGB generated from drones were 

used to estimate the plant height, canopy cover and Kcb curves. This was accomplished by 

producing linear regression equations for each of the plant growth parameters including Kcb. Plant 

growth and Kcb curves were calculated from the remote-sensing-based regression equations. 

They were used as a guide to help generate the plant height, fractional canopy cover and Kcb curves 

used in the WINDS model. These WINDS plant growth and Kcb curves are shown in figures 6 - 7. 

Remote sensing data was collected from two drone systems. One was a Phantom 4 Pro V2.0 

drone (DJI, Nanshan Disctrict, China). It contained an RGB camera that took images for the purpose 

of creating orthomosaic RGB images. These images represented canopy cover and were derived 
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from a hue, saturation and intensity (HIS) color space algorithm (Thorp & Dierig, 2011). An 

orthomosaic RGB image of the MAC guayule field is shown in figure 2. 

Another drone system was an Inspire 2 (DJI, Nanshan District, China) having a multispectral 

MicaSense Altum sensor with five bands (Blue [475 nm], Green [560 nm], Red [668 nm], Red Edge 

[717 nm] and Near Infrared [842 nm]) and a thermal infrared [8000 – 14000 nm] band. Plant 

canopy reflectance from the red and near infrared bands produced Normalized Difference 

Vegetation Index (NDVI) measurements. Plant height and Kcb values were calculated from linear 

regression equations using the NDVI measurements. An image of NDVI measurements taken 

across the MAC guayule field is shown in figure 3. 

2.7 Root growth and ET fractions models 
 

A root growth curve consisting of several growth stages was configured by using a previous 

root growth model (Bucks et al., 1984, Bucks et al., 1985a, Bucks et al., 1985b), but it was based 

on transplanted, flood irrigated guayule grown in the early 1980’s. The root model used in this 

research was parameterized based on observed water extraction patterns in the SDI D100 

treatment in this study. Estimated crop ET from each layer was estimated through the use of an 

ET fraction table in WINDS. It calculates the ET fraction as if there is no water stress in each root 

zone soil layer, sums up the fractions and then recalculates and redistributes the ET in the soil 

layers based on water stress in layers (Maqsood, 2022a). as the ET fractions table is adjusted for 

root growth. The same D100 ET fraction values in the soil layers are used in the D50, D75, D125 

and D150 SDI treatments in this research. 
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2.8 The fraction wetted soil layers 
 

The WINDS model contains a Fraction Wetted (FW) table that stipulates the amount of 

wetting in the horizontal width direction of the soil profile. The same FW widths set in the D100 

FW table were utilized in the other SDI treatments including D50. The horizontal widths chosen 

for D100 were done through a combination of calculated wetted widths from layers 6 and 7 

according to an equation developed by Singh et al. (2006) plus a process of estimation from those 

calculated values. Further FW width of the lower soil layers were also set through estimation based 

on projected soil wetting patterns from SDI. 

3. Results and Discussion 

 
3.1 Evapotranspiration 

 

Crop evapotranspiration (ETc), reference ET (ETo), transpiration and evaporation for the 

D50, D100 and D150 SDI treatments are shown in figure 4. Evaporation did not contribute to Crop 

ET throughout most of the experiment. It was only a factor during germination and after storms. 

These irrigations took place from April 10 – 17, 2018. Afterwards, evaporation becomes negligible 

because subsequent subsurface drip irrigations did not wet the evaporation layer. The trends in 

ETc and ETo were similar between D100 and D150. Crop ET was less than ETo during the winter 

and spring periods. It was higher than ETo during the summer and fall because of larger crop water 

requirements. 

These trends are different from the D50 treatment. ETc lagged behind ETo for D50 during 

most of the experiment. Lack of water reduced transpiration. During the summer and fall seasons, 

overall ETc varied between 10 – 15 mm/day for the D100 and D150 treatments. This indicates that 

well-watered guayule plants have high transpiration. 
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3.2 Rainfall, irrigation and seepage 
 

Figure 5 shows the seepage, rainfall and irrigation amounts (mm) for the D50, D100 and 

D150 treatments from 2018 – 2020. Rainfall amounts were the same for all treatments. The D50 

treatment had half as much irrigation while D150 applied one and a half times more water 

compared to the control D100 treatment (blue lines). The D150 had field capacity in lower layers, 

and the WINDS model calculated extensive leaching in this treatment. It is unlikely that 

significantly more ETc took place in D150 than D100 since moisture was replaced at 35% water 

content in the D100 treatment. The ET patterns and Kcb values are similar for these treatments 

even though more irrigation water is used for D150. On the other hand, water content remained 

low in lower layers of D50, and the WINDS model calculated no leaching. Transpiration was limited 

by low water content and smaller plant canopies in D50. 

3.3 Plant height and canopy coverage 
 

The fractional canopy coverage and plant heights for the D50, D100 and D150 treatments 

are shown in figure 6a, 6b and 6c, respectively. They are based on remote sensing measurements 

(Katterman 2022a). 

The canopy cover (or one minus canopy cover [1 – C]) has the three growth stages, which 

are initial (I), development (D) and end-season (E). Guayule grew rapidly until full coverage (0% 1 

– C) was attained by December of 2018 for the D100 and D150 treatments. These development 

periods last 170 (D150) and 180 (D100) days. Reaching full canopy cover took longer for D50. It 

required a development period of 220 days, which was from June 2018 till January 2019. 
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There were similar development (D) time intervals for D100 and D150 plant canopy 

growth. However, plant height was different between D100 and D150. The D150 treatment had 

the largest plant height h. (Table 1) of 1.05 m whileD100 plant height was 0.96 m. Larger plant 

heights corresponded with greater biomass growth. Section 3.5 compares plant biomass amongst 

treatments but does not include results for the D150 treatment due to the fact that it was not 

sampled over the two-year cycle; however, final biomass indicates that there was no increase in 

biomass between the second highest and highest water application rate. 

The plant height growth curves for the D100 and D150 treatments have one and two-year 

development (D1, D2) and midseason (M1, M2) growth stages as shown in figures 6b and 6c. Upon 

inspection, it is evident that the D1 and M1 plant heights and time intervals are about the same 

amongst the D100 and D150 treatments. However, this is not the case for the D2 and M2 plant 

height growth periods. The D150 M2 stage lasts for 170 days while it is 100 days for D100. The 

estimated maximum heights are 1.04 m for the D150 curve and 0.94 m for D100. 

Water stress had a major impact on plant height. The plant height curve in figure 6a for 

D50 only has initial (I), development (D) and end-season (E) growth stages. The development (D) 

period is 160 days until it reaches an estimated maximum plant height of close to 0.74 m. It then 

remained that way for the rest of the experiment. 

3.4 Kcb curves of all drip treatments 
 

Remote sensing measurements of Kcb curves based on plant geometry for the SDI 

treatments (D50 – D150) during the two-year irrigation experiment (2018 – 2020) are shown in 

figure 7. The calibration of remote sensing measurements of Kcb was based on the D100 treatment 
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(El Shikha, 2021, Katterman et al., 2022b) but it was applied to all drip treatments. It had well 

defined growth stages based upon a previous soil water balance Kcb curve (Elshikha et al., 2021) 

and then subsequent remote sensing NDVI-Kcb equations that estimated the Kcb values (Elshikha 

et al., 2022). There are a set of three regression equations used to calculate Kcbs for all the SDI 

treatments. These equations are displayed in figure 7 and are applied during the three time 

periods outlined in the graph. The time intervals start in June of 2019 and commence through 

October of 2019. 

The NDVI measurements used to generate the control D100 Kcb curve in Figure 7 were 

taken weekly or biweekly. This paper presents 11 points in the Kcb curves for the D50, D75, D125 

and D150 SDI treatments, which enables comparison with the D100 Kcb curve. The M1 Kcb values 

on September 19, 2018 (DOY 262) were similar based on data points from in figure 7. The D75, 

D125 and D150 treatments had M1 Kcb values close to 1.1, but the D50 Kcb value was 1.0. The M2 

(second midseason) Kcb values were significantly lower in the D50 and D75 treatments. During the 

early part of the second year mid-season, the Kcb values were 0.8 and 1.0, respectively. They rose 

to 1.1 and 1.2 for D50 and D75 at the end of the second midseason, respectively. The D100 – D150 

M2 Kcb values all close to 1.3which means that the crop coefficient did not increase in treatments 

with greater than 100% irrigation. 

The lower Kcb values for D50 and D75 indicate decreased canopy growth and crop 

development. They might also indicate greater crop stress due to canopy color and might not be 

true indications of crop development but actually canopy stress. These Kcb values are correlated 

to the lower crop ET and no seepage observed for D50 in figures 4a and 5a. The WINDS model 



113  

overestimated water depletion in the second season with these crop coefficient values at the end 

of the second year, which indicates they may be overestimated by remote sensing. 

The lower crop coefficient values corresponded with the lower plant height. The higher Kcb 

values for the D100 through D150 are reflected by their higher plant height and rapid canopy 

developments. The reduced plant development is also shown with the comparison of measured 

biomass between D50 and D100 discussed in the next section. 

3.5 Biomass comparisons 
 

Biomass amounts measured in Mg/ha for the D50, F100 and D100 irrigation treatments 

are displayed in figure 8. The biomass sampling started in August of 2018 and continued until 

March 2020. There were 10 sampling dates that involved biomass measurements every two 

months. The D50 biomass grew slowly until it reached 21 Mg/ha in January 2020. The F100 plots 

grew gradually to the range of 25 to 30 Mg/ha. The D100 treatment also grew steadily until April 

2019 and then dramatically increased until it doubled (14.5 to 30 Mg ha-1) from April-August 2019. 

The plants maintained their high biomass for 6 months and then decreased at the end to 30 Mg/ha 

at the end of the experiment. 

The D100 treatment had the highest biomass growth of all treatments (figure 7). This is 

evidenced by its rapid development during the second year. As biomass rises for the drip 

treatments during the second year, so do their M2 Kcb values. The D100 biomass peaked at 33 

kg/ha with a corresponding M2 Kcb of 1.31 (Katterman et al., 2022b) while the F100 biomass 

growth of 30 kg/ha was consistent with an M2 Kcb of 1.23 (Katterman et al., 2022a). These results 
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infer that the D100 SDI treatment allowed guayule to use water more efficiently than the flood 

irrigation treatment (F100). 

Even though D150 biomass was not measured, it probably had higher biomass than D100 

due to the larger plant heights. The D50 treatment shows a slow increase in biomass throughout 

the sampling periods. This is reflected by the constant plant height levels that occur in the second 

year. The D50 treatment had approximately half of the biomass of D100 with half as much water. 

This indicate that the water productivity is the same for D50 and D100. 

3.6 Average WINDS D50 and D150 soil moisture curves 
 

The WINDS D50 and D150 soil moisture simulations are shown in figures 9 and 10. The 

WINDS model was calibrated to the average NMM readings for those treatments. The calibration 

process incorporated the same ET fractions, root growth curves and fraction wetted width values 

from the D100 treatment. The D50 Kcb values were modified in the WINDS model as described in 

section 3. The Kcb values used in WINDS for D150 were equivalent to the D100 settings. 

The D150 soil moisture simulations match very well to the NMM readings for all of the soil 

layers. As with D100, the soil moisture activity primarily took place in the upper and middle soil 

layers. The NMM readings show that the soil moisture remained high in those layers. This indicates 

that higher amounts of applied water keep the soil moist during most of the year. It also helps 

explain the degree of seepage observed in figure 5c. 

The D50 simulation curves correlated well to the NMM measurements during the 

experiment except for one-time period. This occurred in layer 6 from DOY 660 to 800. The 

measured soil water contents were higher than the WINDS simulation values. This may be due to 
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the high amount of rain and irrigation that took place around November 2018. The D50 

simulations also indicated that ET mainly takes place in the top two layers where most of the root 

activity is. They also show that layers six and seven have frequent soil drying cycles. On many 

occasions the soil moisture was only 0.05 to 0.10 in these layers. This indicates that the plants 

were under stress and extracted water down to the wilting point. 

3.7 WINDS soil moisture simulations for upper layer 
 

Figures A1 – A10 in the appendix show the WINDS model soil moisture simulations for the 

D50 – D150 treatments. In general, these WINDS soil moisture simulations match well to the NMM 

measurements. Katterman et al. (2022a, 2022b) showed that the majority of ETc takes place in 

layers six and seven for the D100 and F100 irrigation treatments. The D100 – D150 SDI treatments 

have better WINDS model correlation to the observed soil water contents than the lower irrigation 

treatments. This demonstrated that the D100 WINDS model configurations were appropriate for 

the D125 and D150 treatments. The D50 and D75 simulations were more similar to each other and 

agreed with the observed soil moisture measurements in layers 6 and 7 for most of the 

experiment. There were some regions, especially in the beginning stages of the experiment for 

layer 7 in the SDI treatments where the NMM measurements were below the WINDS model water 

content readings. Guayule is a plant that can go down to around 95 % depletion levels. In addition, 

the water content can go below the PWP in the evaporation layer, which contributes to the overall 

NMM reading in Layer 7. These WINDS simulation curves have excellent agreement with the NMM 

measurements in layers six and seven. This is verified through statistical analysis. Table 2 gives the 

root mean square error (RMSE) analysis of layers 6 and 7 for all SDI treatments. All RMSE values 

are 6% VSWC or less. Figures A11 and A12 display the average NMM measurements for layers 1 
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and 6 for all SDI treatments during the experiment. They confirm that the soil water content of SDI 

treatments D100 – D150 are similar in values. The same situation exists for D50 and D75. The 

NMM soil water content readings are approximately close to each other. 

4. Conclusion 
 

This research compared the crop ET, plant heights, biomass, crop coefficients and soil water 

content amongst the D50 – D150 drip irrigation treatments. The D50 treatment consisted of low 

transpiring and water stressed guayule plants. This was apparent due to its low crop ET and crop 

coefficient values. ETc lacked behind reference ET during most of the two-year experiment and 

crop coefficient values were usually below 1.1. The D100 and D150 treatments were full 

transpiring and well-watered guayule plants as evidenced by their similar ETc and crop coefficient 

values. Their crop coefficients peaked at 1.3. Soil moisture simulations indicated that the majority 

of the evapotranspiration took place in the top two soil layers for all drip treatments. These layers 

were responsible for 90 – 95% of the total plant transpiration. Plant measurement data indicates 

that D50 plants have deficient growth in terms of biomass and crop height compared to the other 

drip treatments. The D50 biomass had a maximum of 21 Mg/ha while it was 40 Mg ha-1 for D100. 

Plant heights were 0.76 m for D50 but were over 0.90 m for the other treatments. All of the results 

indicate that the D50 guayule plants experienced significant water stress and less plant growth. 

The other irrigation treatments were irrigated enough to yield adequate plant growth in terms of 

biomass and plant height. 
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APPENDIX – D 

 
Appendix A tables and graphs 

List of tables for Appendix A 

Table 1. F100 basal crop coefficient curve growth stage parameters for the 9 growth stages of 

guayule. 
 

Name of growth stage DOY periods 
Kcb 

value(s) 

Duration 

in days 
Calendar date periods 

Initial 110 – 155 0.2 45 April – June 2018 

Year One Development 156 – 230 0.2 – 1.1 75 June – August 2018 

Year One Midseason 231 – 325 1.1 95 August – November 2018 

Year One Lateseason 326 – 360 1.1 – 0.53 35 November – December 2018 

Year One Endseason 361 – 440 0.53 80 January – March 2019 

Year Two Development 441 – 530 0.53 – 1.23 90 March – June 2019 

Year Two Midseason 531 – 650 1.23 120 June – October 2019 

Year Two Lateseason 651 – 745 1.23 – 0.45 95 October 2019 – January 2020 

Year Two Endseason 746 – 800 0.45 55 January – March 2020 
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Table 2. ET Fraction worksheet for F100 for different phases of the growing season. Left column 

is bottom depth of layers. Fractions represent the fraction of total crop transpiration from each 

layer. Columns correspond to root depths during the growing season. 
 

 
 2 L 3 L 4 L 5 L 6 L 7 L 8 L 

Evaporation 
(0 - 11.5 cm) 

 
0.5 

 
0.05 

 
0.05 

 
0.05 

 
0.05 

 
0.05 

 
0.05 

Layer 7 
(0 - 30 cm) 

 
0.5 

 
0.49 

 
0.48 

 
0.46 

 
0.42 

 
0.34 

 
0.3 

Layer 6 
(30 - 60 cm) 

 
0 

 
0.46 

 
0.43 

 
0.4 

 
0.36 

 
0.34 

 
0.3 

Layer 5 
(60 - 90 cm) 

 
0 

 
0 

 
0.04 

 
0.06 

 
0.07 

 
0.09 

 
0.13 

Layer 4 
(90 - 120 cm) 

 
0 

 
0 

 
0 

 
0.04 

 
0.05 

 
0.06 

 
0.06 

Layer 3 
(120 - 150 cm) 

 
0 

 
0 

 
0 

 
0 

 
0.05 

 
0.06 

 
0.06 

Layer 2 
(150 - 180 cm) 

 
0 

 
0 

 
0 

 
0 

 
0 

 
0.06 

 
0.06 

Layer 1 
(180 - 210 cm) 

 
0 

 
0 

 
0 

 
0 

 
0 

 
0 

 
0.04 
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Table 3a. Soil property data used in the WINDS model for F100 MAC R1 – F100 MAC R4 NMM 

access tubes. Data includes field capacity (FC), permanent wilting point (PWP), layer number (Layer), depth 

of each layer (Depth), initial water content (InitWC), saturated water content (Sat), saturated hydraulic 

conductivity (Ksat), residual water content (ResWC), Matching Hydraulic Conductivity (Ko), Van Genuchten 

alpha value (alphav), Van Genuchten n value (nv), Van Genuchten L value (Lv). 
 

Field name Layer Depth InitWC FC PWP Sat Ksat alphav nv ResWC Lv Ko 

F100_MAC_R1 8 10 27 27 10 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 7 30 27 27 10 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 6 60 26 26 14 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 5 90 29 29 19 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 4 120 25 25 14.5 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 3 150 20.5 20.5 13.5 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 2 180 20.5 20.5 14.5 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R1 1 210 21.5 21.5 18 38.30 22.17 0.0267 1.45 7.89 -0.861 15.5 

F100_MAC_R2 8 10 29 29 10 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 7 30 29 29 10 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 6 60 27 27 14.5 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 5 90 26.5 26.5 19 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 4 120 27 27 19.5 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 3 150 22 22 14 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 2 180 15.5 15.5 11.5 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R2 1 210 29 29 23 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 8 10 27 27 10 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 7 30 27 27 10 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 6 60 25 25 13.5 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 5 90 27 27 17 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 4 120 26.5 26.5 16 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 3 150 27 27 17 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 2 180 18.5 18.5 11.5 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R3 1 210 15.5 15.5 11 38.30 24.66 0.0267 1.45 7.70 -0.861 15.5 

F100_MAC_R4 8 10 27 27 10 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 7 30 27 27 10 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 6 60 26 26 13.5 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 5 90 29.5 29.5 19 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 4 120 27 27 18 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 3 150 26.5 26.5 17 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 2 180 17.5 17.5 11 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 

F100_MAC_R4 1 210 17 17 11 38.30 21.98 0.0267 1.45 7.90 -0.861 15.5 
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Table 3b. Soil property data for F100 MAC R5 – F100 MAC R6 & F100 MAC AVE (Average for all 

NMM access tubes). 
 

Field name Layer Depth InitWC FC PWP Sat Ksat alphav Nv ResWC Lv Ko 

F100_MAC_R5 8 10 27 27 10 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 7 30 27 27 10 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 6 60 24 24 11.5 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 5 90 15.5 15.5 6 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 4 120 13 13 6 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 3 150 15 15 7.5 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 2 180 20.5 20.5 11.5 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R5 1 210 22.5 22.5 13.5 37.76 26.32 0.017954 1.401055 7.69 -0.861 15.5 

F100_MAC_R6 8 10 27 27 10 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 7 30 27 27 10 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 6 60 25 25 13 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 5 90 28 28 17 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 4 120 27 27 18 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 3 150 21.5 21.5 13 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 2 180 23 23 16.5 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_R6 1 210 15.5 15.5 11 37.97 24.66 0.017088 1.391996 7.70 -0.861 15.5 

F100_MAC_AVE 8 10 27.5 27.5 10 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 7 30 27.5 27.5 10 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 6 60 25 25 14 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 5 90 28 28 17 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 4 120 28 28 17 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 3 150 22.5 22.5 14 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 2 180 20 20 13.5 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 

F100_MAC_AVE 1 210 20.5 20.5 15 37.97 24.66 0.01693 1.38983 7.70 -0.861 15.5 
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Table 4. Volumetric water content root mean square errors for different soil layers (1-7). Where 

layer seven is the layer below the evaporation layer in the WINDS model, but the NMM reading 

represents both layers. The numbers represent the percent water content difference between 

the WINDS model and the measured water content. 
 

Layer F100 R1 
(% WC) 

F100 R2 
(% WC) 

F100 R3 
(% WC) 

F100 R4 
(% WC) 

F100 R5 
(% WC) 

F100 R6 
(% WC) 

F100 AVE 
(% WC) 

Seven 6.93 7.83 6.95 5.88 6.74 6.84 6.20 

Six 2.54 3.77 2.40 2.65 2.82 2.40 2.51 

Five 2.40 2.46 2.18 2.33 3.49 2.68 2.19 

Four 2.26 2.41 2.28 2.39 2.80 2.32 2.39 

Three 1.66 2.55 2.40 2.89 3.31 1.50 0.75 

Two 1.45 1.42 0.90 0.97 2.32 2.09 1.00 

One 1.50 5.37 1.19 1.14 1.63 1.11 0.73 
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List of figures for Appendix A 
 

 

 
 

Figure 1. Map of the guayule irrigation treatments at the MAC and the three F100 replicates with 

two NMM access tubes (AT) per replicate. The D50 to D150 replicates represent drip treatments 

R2 R1 

R3 R4 

R5 R6 
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Figure 2. Assignment of Field Capacity (FC) and Permanent Wilting Point (PWP) in layer 6 (30 – 60 

cm depth) based on observed maximum and minimum NMM water content readings, respectively. 
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Figure 3. An RGB orthomosaic image of the MAC guayule field (August 2019). 
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Figure 4. An NDVI image of the MAC guayule field (August 2019). 
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Figure 5. Reference Evapotranspiration (ETo), Crop ET, evaporation and transpiration for the 

F100 (flood irrigated with 100% replacement of soil water deficit) treatment where Day of Year 

(DOY) refers to days after January 1, 2018. 
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Figure 6. Rainfall, irrigation and leaching (deep percolation below the root zone) events for the 

F100 irrigation treatment. 
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Figure 7. The F100 average water content curve simulations and NMM measurements for all soil 

layers and evaporation layer. 
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Figure 8. Plant growth curves for crop height and canopy cover (one minus C [1 – C]) for the 
F100 average treatment. One minus C [I = Initial, D = Development, E = Endseason]: Crop Height 
[I = Initial, D1 = Development year one, M1 = Midseason year one, D2 = Development year two, 
M2 = Midseason year two 
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Figure 9. Root growth curves for the F100 average treatment and the Bucks root growth model. I 

= Initial growth stage. D1 = year one development stage, M1 = year one midseason stage, D2 = 

year two development stage, M2 = year two midseason stage. 
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Figure 10. The F100 Basal crop coefficient (remote sensing-based (Kcb [RS]) and WINDS-based 
(Kcb[W]) curves for the average treatment. 
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Figure A1. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curves for layer 7 and the evaporation layer. 
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Figure A2. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curve for layer 6. 



139  

 

 
 

Figure A3. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curve for layer 5. 
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Figure A4. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curve for layer 4. 
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Figure A5. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curve for layer 3. 
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Figure A6. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curve for layer 2. 
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Figure A7. The NMM measurements for all replicate treatments as well as the average WINDS 

water content curve for layer 1. 
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Appendix B tables and graphs 

List of tables for Appendix B 

Table 1. D100 basal crop coefficient curve growth stage parameters for the 9 growth stages of 

guayule. 
 

Name of growth stage DOY periods 
Kcb 

value(s) 

Duration 

in days 
Calendar date periods 

Initial 110 – 150 0.2 40 April – May 2018 

Year One Development 151 – 225 0.2 – 1.1 75 June – August 2018 

Year One Midseason 226 – 325 1.1 100 August – December 2018 

Year One Lateseason 326 – 365 1.1 – 0.6 40 
November – December 

2018 

Year One Endseason 366 – 445 0.6 80 January – March 2019 

Year Two Development 446 – 535 0.6 – 1.3 90 March – June 2019 

Year Two Midseason 535 – 670 1.3 135 June – November 2019 

Year Two Lateseason 671 – 770 1.3 – 0.4 100 
November 2019 – February 

2020 

Year Two Endseason 771 – 800 0.4 30 February – March 2020 
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Table 2. ET Fraction worksheet for D100 for different phases of the growing season. Left column 

is bottom depth of layers. Fractions represent the fraction of total crop transpiration from each 

layer. Columns correspond to root depths (2L, 3L, etc.) during the growing season. 
 

 
 2 L 3 L 4 L 5 L 

Evaporation 

(0 – 11.5 cm) 

 

0.5 
 

0.05 
 

0.05 
 

0.05 

Layer 7 

(11.5 – 30 cm) 

 
0.5 

 
0.48 

 
0.42 

 
0.38 

Layer 6 

(30 – 60 cm) 

 
0 

 
0.47 

 
0.42 

 
0.36 

Layer 5 

(60 – 90 cm) 

 
0 

 
0 

 
0.11 

 
0.14 

Layer 4 

(90 – 120 cm) 

 
0 

 
0 

 
0 

 
0.07 

Layer 4 

(120 – 150 cm) 

 
0 

 
0 

 
0 

 
0 
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Table 3. Field capacity and permanent wilting point estimations for layers 5 to 7 of all D100 

replicates 
 

 
 

Layer 
D100 

R1 

D100 

R2 

D100 

R3 

D100 

R4 

D100 

R5 
D100 R6 

D100 

AVE 

 
 

Field 
Capacity 

7 26 28 26 30 23 27 26 

6 25 26 24 28 22 25 25 

5 28 28 17 30 25 29 28 

 

 
Permanent 

Wilting 
Point 

7 9 10 10 9 9 10 10 

6 15 15 11 17 12 14 14 

5 17 17 9 22 16 21 20 
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Table 4. Root mean square error values for layers 6 and 7 for all WINDS replicate (R1 – R6) and 

average curves 
 

 

Layer D100 R1 D100 R2 D100 R3 D100 R4 D100 R5 D100 R6 D100 AVE 

7 4.62 3.89 4.60 4.18 4.56 3.94 3.41 

6 3.24 2.73 3.52 1.97 3.72 2.24 2.49 
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List of figures for Appendix B 
 

Figure 1. Map of D100 replicate NMM site locations (R1 – R6) at the MAC. 
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Figure 2. Field capacity and permanent wilting point assignments for layer 6 
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Figure 3. Graph of reference evapotranspiration, crop evapotranspiration, evaporation and 

transpiration for the D100 WINDS average treatment. 
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Figure 4. Rainfall, irrigation and leaching (deep percolation below the root zone) events for the 

D100 irrigation treatment. 
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Figure 5. The WINDS D100 Average soil moisture simulation curves as well as NMM water 

content measurements for soil layers one through seven and the evaporation layer. 
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Figure 6. The WINDS D100 average soil moisture curve and NMM water content measurements 

for layer 7 
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Figure 7. The WINDS D100 average soil moisture curve and NMM water content measurements 

for layer 6. 
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Figure 8. Crop height and canopy cover (one minus c) plant growth curves for the WINDS D100 

average treatment. I = Initial stage, D = Development stage, E = Endseason growth stage for 1 – 

C. D1 = Development stage year one, M2 = Midseason stage year one, D2 = Development stage 

year two, M2 = Midseason stage year two. 
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Figure 9. Root growth curves for the D100 average treatment and the Bucks model. I = Initial 

growth stage, D1 = year one development stage, M1 = year one midseason stage, D2 = year two 

development stage, M2 = year two midseason stage. 
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Figure 10. The D100 average treatment basal crop coefficient (Kcb) curves based on remote 
sensing (Kcb[RS]) and WINDS model (Kcb[W]) 
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Figure 11. Comparison between estimated and calculated fraction wetted widths for layers 6 & 7. 
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Figure A1. The WINDS D100 replicate 1 soil moisture curve and NMM water content 

measurements for layer 7. 
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Figure A2. The WINDS D100 replicate 2 soil moisture curve and NMM water content 

measurements for layer 7. 
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Figure A3. The WINDS D100 replicate 3 soil moisture curve and NMM water content 

measurements for layer 7. 
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Figure A4. The WINDS D100 replicate 4 soil moisture curve and NMM water content 

measurements for layer 7. 
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Figure A5. The WINDS D100 replicate 5 soil moisture curve and NMM water content 

measurements for layer 7. 



164  

 
 

 

 
 

Figure A6. The WINDS D100 replicate 6 soil moisture curve and NMM water content 

measurements for layer 7. 
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Figure A7. The WINDS D100 replicate 1 soil moisture curve and NMM water content 

measurements for layer 6. 
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Figure A8. The WINDS D100 replicate 2 soil moisture curve and NMM water content 

measurements for layer 6. 
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Figure A9. The WINDS D100 replicate 3 soil moisture curve and NMM water content 

measurements for layer 6. 
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Figure A10. The WINDS D100 replicate 4 soil moisture curve and NMM water content 

measurements for layer 6. 
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Figure A11. The WINDS D100 replicate 5 soil moisture curve and NMM water content 

measurements for layer 6. 
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Figure A12. The WINDS D100 replicate 6 soil moisture curve and NMM water content 

measurements for layer 6. 



171  

Appendix C tables and graphs 

List of tables for Appendix C 

Table 1. Maximum plant heights and time interval periods for fractional cover development of D50 

to D150 average SDI treatments. 
 

 D50 D75 D100 D125 D150 

Maximum 

plant heights 

(m) 

 
0.76 

 
0.90 

 
0.96 

 
0.93 

 
1.05 

Fractional 

cover 

Development 

period (days) 

 

220 

 

180 

 

180 

 

180 

 

170 
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Table 2. Root mean square error (RMSE) values of WINDS D50 – D150 average water content 

simulation curves for layers 6 and 7. RMSE values are expressed in percent water content (%WC) 
 

Layer D50 (%WC) D75 (%WC) D100 (%WC) D125 (%WC) D150 (%WC) 

Layer 7 4.90 5.63 3.77 4.46 6.00 

Layer 6 4.18 4.38 2.53 2.08 1.91 
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List of figures in Appendix C 
 

Figure 1. Map of all guayule drip and flood irrigation treatments at the MAC. 
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Figure 2. An RGB orthomosaic image of the MAC guayule field (August, 2019). 
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Figure 3. An NDVI image of the MAC guayule field (Aug. 2019). 
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Figure 4a. Graph of reference evapotranspiration, crop evapotranspiration, evaporation and 

transpiration for the D50 WINDS average treatment. 
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Figure 4b. Graph of reference evapotranspiration, crop evapotranspiration, evaporation and 

transpiration for the D100 WINDS average treatment. 
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Figure 4c. Graph of reference evapotranspiration, crop evapotranspiration, evaporation and 

transpiration for the D150 WINDS average treatment. 
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Figure 5a. Rainfall, irrigation and leaching (deep percolation below the root zone) events for the 

D50 irrigation treatment. 
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Figure 5b. Rainfall, irrigation and leaching (deep percolation below the root zone) events for the 

D100 irrigation treatment. 
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Figure 5c. Rainfall, irrigation and leaching (deep percolation below the root zone) events for the 

D150 irrigation treatment. 
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Figure 6a. Crop height and canopy cover (one minus c) plant growth curves for the WINDS D50 

average treatment. I = Initial stage, D = Development stage, E = Endseason growth stage. 
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Figure 6b. Crop height and canopy cover (one minus c) plant growth curves for the WINDS D100 

average treatment. I = Initial stage, D = Development stage, E = Endseason growth stage for 1 – 

C. D1 = Development stage year one, M2 = Midseason stage year one, D2 = Development stage 

year two, M2 = Midseason stage year two. 
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Figure 6c. Crop height and canopy cover (one minus c) plant growth curves for the WINDS D150 

average treatment. I = Initial stage, D = Development stage, E = Endseason growth stage for 1 – 

C. D1 = Development stage year one, M2 = Midseason stage year one, D2 = Development stage 

year two, M2 = Midseason stage year two. 
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Figure 7. Kcb curves based on NDVI remote sensing measurements. 
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Figure 8. Biomass comparisons between D50 and D100 treatments. 
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Figure 9. Average WINDS water content simulations for D50 treatment consisting of all soil layers 

and evaporation layer. 
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Figure 10. Average WINDS water content simulations for D150 treatment consisting of all soil 

layers and evaporation layer. 
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Figure A1. The WINDS D50 average soil moisture curve and NMM water content measurements 

for layer 7. 
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Figure A2. The WINDS D75 average soil moisture curve and NMM water content measurements 

for layer 7. 
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Figure A3. The WINDS D100 average soil moisture curve and NMM water content measurements 

for layer 7. 
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Figure A4. The WINDS D125 average soil moisture curve and NMM water content measurements 

for layer 7. 
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Figure A5. The WINDS D150 average soil moisture curve and NMM water content measurements 

for layer 7. 
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Figure A6. The WINDS D50 average soil moisture curve and NMM water content measurements 

for layer 6. 
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Figure A7. The WINDS D75 average soil moisture curve and NMM water content measurements 

for layer 6. 
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Figure A8. The WINDS D100 average soil moisture curve and NMM water content measurements 

for layer 6. 
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Figure A9. The WINDS D125 average soil moisture curve and NMM water content measurements 

for layer 6. 
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Figure A10. The WINDS D150 average soil moisture curve and NMM water content measurements 

for layer 6. 
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Figure A11. Soil moisture content NMM for D50 – D150 treatments (layer 1). 
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Figure A12. Average NMM readings of subsurface drip treatments D50 – D150 for layer 6. 
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