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ABSTRACT 

 

Currently, the agriculture sector accounts for about 70% of the global water withdrawals 

and with increasing urbanization and climate change, there will be a much higher strain on the 

water resources in the future. If the situation remains unaltered, reports from Food and 

Agriculture Organization (FAO) predict that by 2050, there could be a 50% increase in food demand 

and a 40% decrease in the water supply. Adopting water conservation alternatives will help sustain 

agriculture and the population. To do so, accurate computational tools, such as soil water balance 

and crop growth models, are needed to provide guidance in irrigation management decisions. 

  The WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity) model is a soil water 

balance simulation model that divides the soil profile into layers and calculates crop 

evapotranspiration (ETc) with the FAO56 dual crop coefficient method. In this research, the 

assumption was that the WINDS model can accurately simulate the ETc and soil moisture contents 

in soil layers. A foundational purpose of the research was to provide a comprehensive document 

describing the theory and algorithms used in WINDS. Data from a carefully monitored irrigation 

experiment conducted in 2007 in Maricopa, Arizona, were then used to calibrate and validate the 

WINDS model for cotton. Further, the project used the WINDS model to evaluate a guar deficit 

irrigation experiment conducted in 2018 and 2020 in Clovis, NM. 

 The WINDS model is a daily time-step model that uses tipping bucket algorithms during 

infiltration events and the Richards’ equation between infiltration events. If the hypothesis is true, 

then it has a unique ability to accurately model soil moisture content in layers. Input data includes 

weather data used in FAO-56 dual crop coefficient calculations, soil characteristics, and crop 
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evapotranspiration parameters. In this study, it was validated by comparing simulations with 

neutron probe water content readings in soil layers collected during the growing season. The 

WINDS model can simulate surface and subsurface irrigation methods on multiple soil types. One 

of the features of the model is the ability to assess input data and fill gaps for an infrequent 

dataset. This research effort was part of the Sustainable Bioeconomy for Arid Regions (SBAR) 

project. The SBAR project aims to evaluate and improve bioeconomic system for two industrial 

crops using models, field experiments, advanced computational tools, and outreach. From the 

project, work on the guar crop for one of the sites has been done. Many modifications were made 

to the WINDS model to simulate the range of experiments, irrigation systems, and soils in the SBAR 

experimental portfolio. 

 For the WINDS model validation, an experiment done by USDA has also been modeled. The 

2007 cotton experiment included two crop coefficient methods. One calculated the basal crop 

coefficient (Kcb) using a standard cotton crop coefficient curve from FAO56 (FT treatment), and 

the other estimated Kcb from observed Normalized Differential Vegetation Index (NDVI) values 

(NT treatment). There were four replicates in each treatment, all of which had soil texture and 

moisture retention characteristics analyzed in the laboratory. Extensive soil moisture content data 

by neutron probe were collected along with multiple NDVI readings. The field had varying soil 

types within the soil profile, ranging from clay loam to sandy loam. The calibrated WINDS model, 

using the laboratory-measured soil parameters, accurately simulated soil moisture content in 

layers during the growing season in all replicates for both the FT and NT treatments. This study 

helped confirm the model strength toward data assessment and soil moisture simulation.  
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 The next step was to use the WINDS model to augment and enhance the dataset from the 

guar deficit irrigation experiment in Clovis, NM. The goal was to provide an input dataset for the 

AquaCrop crop growth model. During 2018 and 2020, the guar field experiments had 3 factors in 

a randomized block design. The first factor included two pre-irrigation conditions, where the half 

field was irrigated before sowing and the other half was not. The second factor included four 

irrigation treatments: full irrigation (F), stress at the vegetative stage (Vst), stress at the 

reproductive stage (Rst), and rainfed (R). Each treatment had four replicates. The third factor 

included two cultivars, Kinman and Monument, but this study only evaluated the Kinman 

treatments. In this study, the second replicate (R2) for the 2018 Kinman, pre-irrigation, full 

seasonal irrigation treatment, had more extensive neutron probe measurements than other plots. 

Thus, it was evaluated with the WINDS model to parameterize the soil, assess the partition 

between rainfall and runoff, and detect any possible irregularities in neutron probe 

measurements. In the second phase, the other irrigation treatments in 2018 and 2020 were 

simulated with the WINDS model and compared with neutron probe measurements. In general, 

the simulated soil moisture with the WINDS model showed agreement with neutron probe 

measurements.  

 Statistically, both the experiments showed that the WINDS model provides accurate 

simulations of moisture in soil layers in irrigation experiments. This indicates the potential of the 

WINDS model to be used in parallel with a limited number of in-situ soil measurement devices and 

remote sensing to simulate moisture content in the soil profile and across fields.  
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Chapter 1: INTRODUCTION 

 

As the population grows, meeting food and water demands has become a global concern. 

Currently, an average of over 70% of the available global freshwater is used in agriculture, and 

according to the United Nations, by 2050, there will be a 15% increase in water withdrawal and 

50% increase in agricultural production requirement (Khokhar, T., 2017). The strain is higher for 

arid and semi-arid regions such as the Southwest USA, where agriculture must sustain itself with 

increasingly limited water. In the Southwest USA, the source of water for the Southern High Plains 

in New Mexico is the Ogallala aquifer, which has had drastic water depletion (Scanlon et al., 2012). 

In Arizona, there is an ongoing drought in the Colorado River basin along with increased demands 

for industrial and municipal needs (Prein et al., 2016).  

With limited natural resources, climate change, and increasing demand, there is a dire 

need to optimize crop yield and conserve water by practicing efficient irrigation and crop 

management. Throughout the region, scientists and farmers continue to evaluate deficit irrigation 

to explore optimization strategies. Field experiments can be labor and time-consuming, expensive, 

and have a limited number of trials. Two methods to overcome limitations are computational 

modeling and remote sensing, where multiple what-if scenarios can be simulated to estimate the 

outcomes of specific field conditions.  

Using input data such as soil texture, crop type, irrigation type, and climate, models use 

numerical equations to simulate field conditions. The outputs from the agricultural models include 

the soil water balance, crop water requirements, soil water depletion, and yield estimations that 

consequently provide decision support for agroecosystems (Iqbal et al., 2020). Over the years, 
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various models have demonstrated the ability to simulate crop-water status for field experiments.  

Remote sensing is an advanced technique that provides an effective way to collect data 

about crops with aerial or ground-based sensors. Using thermal and multispectral cameras, the 

imagery provides data on crop growth and stress. Remote sensing has relatively low labor and 

time requirements. Remote sensing and modeling provide the tools to conduct precision 

agriculture and sustainable farming a key requirement for modern agriculture. 

This research combines models, field data, and remote sensing to improve crop analysis 

and management. The objective of this study was to evaluate the performance of the WINDS 

(Water-use, Irrigation, Nitrogen, Drainage, and Salinity) soil-water balance model during 

experiments on two industrial crops, cotton, and guar.  

In the cotton experiment, two treatments were simulated. One treatment determined the 

crop coefficient using the FAO-56 Treatment (abbreviated as FT) and the other treatment 

determined the crop coefficient using canopy spectral reflectance via remote sensing NDVI 

Treatment (abbreviated as NT). The guar experiments included two seasons, and there were two 

pre-irrigation treatments and four seasonal irrigation treatments, including full irrigation (F), stress 

at vegetative stage (Vst), stress at the reproductive stage (Rst), and rainfed (R).  

Chapter 2 provides a general literature review. Chapter 3 briefly describes the experiments 

used for validation of the WINDS model in this study. The publications of this study are included 

in Appendices A-C. Appendix A describes the algorithms and methods in the WINDS model. 

Appendix B is the WINDS model calibration and validation on the data-intensive cotton 
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experiment, and Appendix C showcases the WINDS model capability to evaluate and augment a 

deficit irrigation experiment in guar. 
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Chapter 2: BACKGROUND AND LITERATURE REVIEW 

 

2.1 Crop Models 

Modeling is a reliable, non-destructive, and time-saving decision-making tool in agricultural 

systems. There are two general categories of agronomic crop and irrigation models. Models such 

as CROPWAT (Smith et al., 2002), AquaCrop (Hsiao et al., 2009), and ISAREG (Pereira et al., 2003) 

empirically simulate crop response to water stress. Theoretical models simulate crop growth 

processes. For example, DSSAT (Decision Support System for Agrotechnology Transfer) contains 

SUBSTORPOTATO potato model, CROPGRO bean crop model, OILCROP sunflower model, and 

CANEGRO sugarcane model (Lui, H. et al., 2011). Comprehensively, models have been excellent 

tools for simulating the crop water nexus.  

Agronomic models estimate crop evapotranspiration (ETc), required irrigation schedules, 

and soil moisture to estimate the water requirement of the crop, as well as the yield as a function 

of applied water. Popova et al., (2006) calibrated and validated the crop growth model ISAREG 

using measured soil moisture for irrigation and rainfed methods. They derived the crop coefficient, 

stress coefficient, and other crop parameters for maize in the local soil and climate conditions of 

South Bulgaria. AquaCrop was calibrated by Nyathi et al., (2018) for traditional leafy greens in 

South Africa for well-irrigated and water-stressed irrigation regimes. They measured canopy cover, 

soil moisture, biomass, and ETc. The statistical results showed a good fit between the measured 

and simulated measurements for well-watered irrigation and a poor fit for water-stressed 

irrigation regimes. They elucidated that the model showed differences between water 

productivity of C3 and C4 crops and suggested more vegetables to be included in the Aquacrop 

database. CROPWAT has been used to simulate ETc and irrigation schedule for rice in Bangladesh 



 

16 
 

(Hossain et al., 2017), Jatropha in Botswana (Moseki et al., 2019), wheat and sorghum in India 

(Balasaheb et al., 2020), and sugarcane in Ethiopia (Geleta, C.D., 2019). Smith et al. (2002) showed 

soil water balance outputs for multiple crops in various locations around the world using 

CROPWAT. Siad et al. (2019) coupled various crop and hydrological models. 

In agronomic models, Crop Evapotranspiration (ETc) is a primary factor that determines 

the water requirement.  The most common modern procedure used to determine the crop water 

requirement is described by the Food and Agriculture Organization (FAO) Paper 56 (Allen et al., 

1998). Crop evapotranspiration is computed by adjusting reference evapotranspiration by the 

crop coefficient (Kc). The reference evapotranspiration (ETo) for a well-watered grass is calculated 

using the Penman-Monteith equation, which includes solar radiation, altitude, temperature, 

humidity, and wind speed. Crop coefficient is the ratio of crop evapotranspiration to grass 

evapotranspiration. Reference ETo incorporates meteorological parameters; hence, Kc reflects 

the characteristics of the crop. These characteristics include crop height, albedo, canopy 

resistance, and evaporation from the soil. The crop coefficient varies at different growth stages of 

the crop and with the length of the growth stage. It depends on the leaf age, surface wetness, 

crop physiology, light absorption, and canopy roughness. Therefore, the crop coefficient slightly 

varies with geographical location. Ideally, a seasonal crop coefficient curve should be developed 

for each crop in the given climate conditions.  

2.2 Soil Moisture Measurement 

Soil moisture content determines water availability that subsequently signifies the crop 

growth. Dropping below the management allowable depletion leads to a decrease in crop growth 

rate and evapotranspiration, and ultimately to senescence.  Soil water content is the actual 
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amount of water present in the soil measured as a percentage of water by volume (%) or in inches 

of water per foot of root zone (in/ft). Accurate quantification of the soil moisture variation during 

the growing season enables irrigation scheduling that can subsequently be helpful in modeling 

crop stress and yield reduction.  

Peters et al., (2013) and Yolcubal et al., (2004) described the types and uses of soil moisture 

sensors (Table 1), as well as the advantages and disadvantages of different sensor technologies. In 

general, the neutron probe is a reliable, widely used soil moisture measurement instrument; 

however, the labor required to carry this heavy instrument through the field, as well as required 

certifications and rules, make it an expensive and difficult measurement method. To set up 

neutron probe measurements, access tubes made of aluminum are initially installed to the 

required depth of soil measurement. The neutron probe is first calibrated and then the instrument 

is placed on the access tube. The probe is dropped to each measurement depth where fast 

neutrons are emitted from the probe in all directions. Collisions with hydrogen in water molecules 

make the neutrons scatter and slow down, forming a neutron cloud. A dense neutron cloud 

indicates wet soil and a less dense neutron cloud represents dry soil. The sensor detects the 

number of returning neutrons. Using equations developed by linear regression, the readings are 

converted into the water content (%). Used correctly and with sufficient resolution in time and 

depth, neutron probes can quantify soil moisture changes during the season at multiple depths 

and multiple locations in the field. Neutron probes are not suitable for the upper evaporation 

layer. Time-domain reflectometry (TDR) is the most common method to detect soil moisture in 

the top layer of the soil (Risinger, M.  and Carver, K., Texas A&M, accessed in 2021).  
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Table 1: Description of various types of sensors for soil moisture measurements. 

Sensor Type Advantages Disadvantages 

Neutron Probe 
 

Accurate. Repeatable. 
Samples large areas. 
One sensor for all sites and 
depths. 

Government-required 
paperwork. 
Cannot be left alone in the field 
due to radiation. Relatively 
expensive ($4500/system). 

Time Domain 
Transmissivity sensor 
(TDT) 
 

Easy to set up to log. Samples small areas only. 

Capacitance Sensors 
 

Easy to set up to log. 
Low maintenance. 

Highly affected by soil conditions 
that are next to the sensor. 
High variability. Expensive ($300 - 
$1200/system). 

Time Domain 
Reflectometry sensor 
(TDR) 

Easy installment of probes. 
Minimum soil disturbance. 
Suitable for near surface 
measurements. 
Widely accepted. 

Can be expensive.  
Cable length and depth limited to 
50 m. 
Temperature can affect cable; 
hence, precision readings. 

Tensiometers No calibration required. 
Easy to install and use. 
Inexpensive. 

Depth limitation. 

Electric resistance 
sensors 

Useful for intermediate soil-
water contents. 
Inexpensive. 
Easy to use. 

Use of gypsum clogs the block 
delaying procedure.  

Ground Penetrating 
Radar (GPR) 

High lateral resolution. 
 

Poor performance in clayey soils 
and saline soils. 
 

 

2.3 Remote Sensing 

There are several remote sensing platforms: satellites, aircraft, drones, and ground-based. 

These methods can collect data in high temporal and spatial resolution. Battude et al., 2017 used 
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high-resolution satellite imagery to estimate water needs and identify over-irrigation of maize in 

a large agricultural field; however, for small fields, precision agriculture, and real-time 

management, satellite imagery might not have sufficient spatial or temporal resolution. For high 

resolution, drone remote sensing can play a key role.  

The crop evapotranspiration (ETc) is not directly measured by remote sensing; indirect 

methods have been developed. Vegetation indices (VIs) compute crop greenness using reflectance 

at two wavelengths. The Normalized Differential Vegetation Index (NDVI) is the most widely used 

VI for crop biomass (Hobbs, 1995).   

Paudel et al., (2021) surveyed farmers, scientists, and researchers in the US on the extent 

and reasoning of adopting precision agriculture. According to their research, scientists and young 

farmers chose precision agriculture for environmental benefits, and farmers in Southern Plains 

were more likely to adopt precision farming for profit (environmental benefits being the second 

important reason).  

2.4 Guar 

Guar (botanical name: Cyamopsis tetragonoloba) is a sun-loving annual legume. 

Originating from the Indo-Pakistan region as a food crop, guar is a drought-tolerant, deep taproot, 

low-risk low-income crop. Guar is also used for green manure and forage. It is now widely used as 

galactomannan gum in many industrial processes (Dai et al., 2019). Around 23% of the seed is used 

to extract gum. The remaining seed is utilized as oil (40%) and protein (34%).  

Guar is sown in June/July in Clovis, NM and has a 120-150 day growing season, for the 

indeterminant varieties. Guar prefers well-drained sandy loam soil. Excess humidity in the canopy 
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and waterlogging can cause diseases and eventual death of the plant; however, it has been 

successfully grown in denser soils in Texas. It is salinity tolerant, improves soil, and grows well in 

the pH range up to 8.0 (Whistler and Hymowitz, 1979). 

Over the past 30 years, plant scientists have bred several new varieties of this crop. 

Breeding has focused on increased yield, harvest efficiency, and disease resistance.  

There have been several studies of guar water use. Water application rates have ranged 

from 198 mm to 780 mm, depending on the climate and water stress management; however, all 

the studies indicate that guar is a low water use crop. Alexander et al. (1988) estimated the 

irrigation water requirement for three cultivars of guar in Maricopa, AZ for six water-stressed 

irrigation regimes. They concluded that irrigation in the early stages was not as advantageous as 

during the reproductive stage. Singla et al. (2016) compared full and deficit irrigation treatments 

and showed that guar had adequate yield with limited water.  

Table 2: Water application to guar experiments in different parts of the world. 

Location Study seasons 
Total water 
application (mm) 

 Reference 

Mesa, Arizona, USA 1959-1960 584 Erie et al. (1965) 

Marana, Mesa, Yuma, USA 1978 355.6, 457, 533 Johnson et al. (1979) 

Maricopa, Arizona, USA 1983-1984 440 - 780 Alexander et al. (1988) 

Shambat, Sudan 2005-2006 198 - 249 Ahmed et al. (2011) 

Las Cruces, New Mexico 2014 155 - 203 Singla et al. (2016) 
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2.5 Cotton 

Cotton (Gossypium hirsutum L.) is one of the most popular industrial crops in the world. 

This soft fluffy ball-shaped fiber is indigenous to tropical and subtropical regions; however, it is 

now grown worldwide in irrigated agriculture in semiarid and arid regions (NASS USDA, 2012). 

China, India, and the USA are the three biggest producers of cotton, providing the commercial 

demand in the textile and chemical industries. Currently, cotton is grown in 17 states of the USA. 

It is planted as early as Feb in the southern part of Texas and a late as June in the northern cotton 

belt. Historically grown with flood and basin irrigation methods, new systems include center pivot 

and subsurface drip irrigation (Hunsaker and Bronson, 2021).  

Chen et al., (2020) developed an irrigation Decision Support System (DSS) to improve crop 

yield and water productivity of cotton for an arid region. Using a root zone water quality model, 

they simulated full and deficit irrigation experiments. They maintained yield with less water and 

thus increased water productivity.  

In response to the decline in water levels in the aquifers in Texas, Goebel and Lascano 

(2019) grew cotton using subsurface drip irrigation and low energy center pivot irrigation using 

rainwater.  Hebbar et al., (2020) investigated remote sensing, a geographical information system 

(GIS), and a crop growth simulation model called Infocrop for cotton irrigation management.  
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Chapter 3: MATERIALS AND METHODS 

 

Established in September 2017, the Sustainable Bioeconomy for Arid Regions (SBAR) 

Center of Excellence aims to optimize and enhance the production of industrial crops (guayule and 

guar) in the Southwest US. Feedstock production activities in the project include crop expansion, 

increase in biomass, and water conservation. This project was conducted under the auspices of 

the SBAR project.  

The WINDS model is a soil water balance model. It uses a tipping bucket approach during 

large infiltration events and Richards’ equation between irrigation events. Evapotranspiration is 

calculated with the FAO-56 dual crop coefficient. It calculates water content within layers in the 

soil. The WINDS model is written in VBA/Excel, and Python MySQL. This research was conducted 

with the Excel/VBA version of the model, but the algorithms are the same in the Python/MySQL 

version. Descriptions of the WINDS model are in Waller and Yitayew (2015) and Appendix A. 

 In this research, the WINDS model was evaluated with data from a previously conducted, 

unpublished furrow irrigation experiment conducted at Maricopa Agricultural Center (MAC) 

(Figure 1) in 2007. The crop coefficient for cotton was determined using two methods: the FAO-

56 method (FT) and the NDVI method (NT). Each treatment was replicated four times: FT1 to FT4 

and NT1 to NT4. This experiment was exceptional in terms of its extensive data collection. Soil 

samples from neutron tubes were evaluated for soil characteristics, neutron probe readings were 

taken mostly before and after irrigation, plant samples were taken for biomass, and remote 

sensing data were collected during each growing season. The simulation from the WINDS model 
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was then compared to neutron probe data to evaluate the WINDS model. The paper based on this 

comparison is in Appendix B.  

 

Figure 1: Study area of 2007 cotton experiment at Maricopa Agriculture Center in Maricopa, AZ. 

Rainfall and temperature data for Maricopa, AZ for 2007 are in Figure 2. The monsoon 

season is during July and August with multiple rainfall events and a small drop in average 

temperature to ~30 °C. These data were used as input for the WINDS model.  

 

Figure 2: Rainfall and temperature during 2007 in Maricopa, AZ. 
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Figure 3 shows the study area of the crop at MAC. Figure 4 illustrates ground-based sensors 

installed in the cotton field and Figure 5 shows the harvest. 

 

Figure 3: Sensors installed in the cotton field for thermal images to evaluate crop parameters. 

 

Figure 4: Harvesting of the cotton field during 2007 at MAC, AZ. 

 

The ETc generated by the WINDS model for the FT and NT treatments is compared in Figure 

5.  Peaks are due to irrigation events. The NT treatment had slightly higher ETc than FT during the 
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development stage, which is when there would be a difference between treatments due to the 

relationship between canopy growth and crop coefficient; however, the difference is insignificant.  

 

Figure 5: Comparison of averaged FT and NT treatments with respect to growth stages. 

 

As part of the SBAR project, Dr. Sangu Angadi conducted deficit irrigation experiments 

during three seasons from 2018 to 2020 at New Mexico State University Agriculture Science 

Center (NMSU – ASC) (Figure 6). This research applied the WINDS model to the guar experiments 

conducted during 2018 and 2020. The 2019 experiment had abnormally low growth.  

Guar was planted in Clovis, NM under a center pivot sprinkler irrigation system with a 

spatially varying application. In the experiment, there were two pre-irrigation conditions and four 

irrigation regimes during the season: full irrigation, vegetative stress, reproductive stress, and 

rainfed. In contrast to the cotton experiment, there were a limited number of neutron probe 

readings and no laboratory soils analysis. One treatment with 14 readings was used to calibrate 
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the WINDS model, and then the model was applied to the other treatments, which had 6 to 8 

neutron probe readings during the season.  

In the guar experiment, drone flights were conducted that collected thermal and 

multispectral imagery using 6 bands of the spectrum. Two flights were conducted in the 2018 

experiment and five flights were conducted in the 2020 experiment with a Ground Sample 

Distance (GSD) of 4 pixels. The drone images for the guar experiment were processed using Pix4D 

Mapper and Pix4D Fields (Pix4D, 2017). Using the Pix4D software, a 3D map of the field and NDVI 

for each irrigation treatment were generated. 

 

Figure 6: Study area of guar experiments 2018 and 2020. This is Clovis, New Mexico. 

The total annual rainfall in Clovis for the year 2018 was 458 mm, which was almost twice 

as much as the rainfall recorded in 2020, 240 mm. Figures 7 shows the multiple heavy rainfall 

events in 2018 during the growing season, with the highest reaching ~53mm in mid-August. In 

2020 (Figure 8), there is one heavy rainfall event i.e., 40 mm at the beginning of July, followed by 
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smaller events that were on average not more than 10mm. As for the temperature, Clovis is on 

average 22 – 25 °C during the growing season of guar and gets cold during the winter season. 

There were a couple of anomaly temperature values in October and November of 2020. These 

values were verified and adjusted using the NOAA database. 

 

Figure 7: Weather data showing rainfall and temperature for 2018 Clovis, NM. 

 

 

Figure 8: Weather data showing rainfall and temperature for 2020 Clovis, NM. 

Figure 9 shows pictures of the guar fields during the season. 
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Figure 9: Pictures from the guar experiment at New Mexico State University Agriculture Science 

Center at Clovis, NM. 
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Abstract 

This paper presents the soil water balance algorithms in the WINDS (Water-use, Irrigation, 

Nitrogen, Drainage, and Salinity) model, which is a daily time step, one-dimensional, soil water 

balance model. The WINDS model simulates soil moisture content in multiple soil layers with a 

tipping bucket approach during infiltration events and Richards’ equation between the infiltration 

events. In light soils, the tipping bucket model drains all layers to field capacity. In heavy soils, a 

modified tipping bucket algorithm redistributes water over two or more days based on saturated 

hydraulic conductivity. To reduce model instability, the Richards’ equation calculations are 

restricted to water contents at or below field capacity. The model simulates sprinkler, drip, and 

furrow irrigation, including partial horizontal wetting of the soil profile, as in surface drip irrigation 

and alternate furrow irrigation, and has a specified water allocation to soil layers algorithm for 

subsurface drip irrigation. The WINDS model calculates evapotranspiration with the FAO56 dual 

crop coefficient method. The model defines fractional transpiration uptake in layers, based on root 

activity and water depletion, which is the key to accurate simulation of water content changes in 
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soil layers in irrigated agriculture. These algorithms can be adapted into other soil water balance 

models.  

Keywords: crop modeling, soil moisture, irrigation scheduling, tipping bucket, soil water balance  

Introduction 

Reducing the vulnerability of agriculture systems to water scarcity requires the adoption of 

sustainable water management solutions (Pereira et al., 2017). Computational tools such as soil 

water balance and crop growth models and modern equipment such as in-situ and drone sensors 

can lead to improved decision-making for optimal yields and sustainable water-use practices 

(Pereira et al., 2020).  

Soil water balance models include single and multilayer models, which are divided into 

transient models that utilize the Richards’ equation and tipping bucket models. Although more 

accurate, transient models require small time and space steps for stability. 

The WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity) model is a daily time step, 

one-dimensional, soil water balance model. It simulates soil moisture content in multiple soil 

layers with a tipping bucket approach during infiltration events and Richards’ equation between 

infiltration events. The WINDS model was originally published in the widely-used textbook, 

Irrigation and Drainage Engineering (Waller and Yitayew, 2015). Figure 1 provides a conceptual 

diagram of the model, showing the soil water balance components.  Companion papers (Maqsood 

et al., 2021; Katterman et al., 2021) show that the WINDS model accurately simulates soil water 

content in layers. We are not aware of other daily time step models that are able to accurately 

simulate water content changes in soil layers in irrigated agriculture.  
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As a part of the Sustainable Bioeconomy for Arid Regions (SBAR) project 

(www.sbar.arizona.edu),, the WINDS model is being assessed in several experiments, which 

include three irrigation methods (furrow, drip, and sprinkler), three soil types (clay, clay loam and 

sandy loam), and three industrial crops (cotton, guayule, and guar).  

DRAINMOD (Skaggs et al., 2012) and CROPWAT (Smith, M., 1992; Smith et al., 2002) are widely 

used single layer decision support systems that simulate crop yield as a function of water 

management practices. DRAINMOD simulates poorly drained and artificially drained soils and 

CROPWAT simulates crop growth with yield-water response relationships in FAO33 (Doorenbos 

and Kassam, 1979). AZSCHED (AriZona Irrigation SCHEDuling) is a single layer model for irrigation 

scheduling that simulates crop coefficient curves with Fourier series (Martin et al., 2014).  

AquaCrop (Hsiao et al., 2009; Steduto et al., 2009, Raes et al., 2009) is a multi-layer daily time 

step, tipping bucket, soil-water balance model that simulates crop yield as a function of water 

stress. (Carnahan et al., 1969, Bear, 2013, Raes et al., 2006). Many crop growth models such as 

AquaCrop reduce crop growth when water content drops below the Management Allowable 

Depletion (MAD). There is no penalty on crop growth between saturation and MAD. Thus, these 

models are sensitive to changes in water content in the period prior to the next irrigation event 

and are insensitive to changes in moisture content in the days following an irrigation event. 

HYDRUS is a widely used transient Richards’ equation model (Šimunek et al., 2012; Šimunek et 

al., 2016), which is available in one (1D), two (2D), and three dimensions (3D). Hydrus generally 

requires high spatial and temporal resolution and is suitable for analysis of practices but is not 

http://www.sbar.arizona.edu/
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conducive to daily simulations or agricultural decision support systems due to high computational 

requirements.  

The WINDS model incorporates remotely sensed normalized difference vegetation index 

(NDVI) values in order to update crop coefficient curves. This technology, having relatively is low 

labor and time requirements, can provide high spatial and temporal resolution of data. Remote 

sensing can also be used to estimate the crop coefficient. Hunsaker et al. (2005) showed that NDVI 

can estimate the crop coefficient within 10% of its measured value. Hunsaker et al. (2005) and 

Hunsaker et al. (2015) developed Kcb curves for cotton using ground-based NDVI measurements. 

Several other studies have combined the FAO56 method (Allen et al., 1998) with ground as well 

as satellite remote sensing for wheat, olives, and sugarcane (Er-Raki et al., 2007; Er-Raki et al., 

2008; Er-Raki et al., 2010; Olivera-Guerra et al., 2018; Dingre et al., 2021). 

The WINDS model accurately simulates soil moisture content in layers. Although other daily 

time step soil water balance models accurately simulate the soil water balance and 

evapotranspiration for the root zone as a whole, we are not aware of any daily time step models 

that accurately simulate soil moisture content in layers. The key to accurate simulation is 

specification of field capacity and permanent wilting point, and the specification of root activity in 

each soil layer as a function of time. An additional benefit of this approach is that adjusting root 

activity algorithms to match simulated and observed water contents can indicate root growth 

patterns during the growing season.  

The objective of this paper is to present the following concepts, formats, and algorithms in the 

WINDS soil water balance: tipping bucket algorithms for light and heavy soils, Richards’ equation, 
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partial wetting of the soil profile in the horizontal direction, irrigation water distribution in soil 

layers, and distribution of transpiration within soil layers based on root activity and water 

depletion. More information on the WINDS model is in Waller and Yitayew (2015). Companion 

articles (Maqsood et al., 2021a; Katterman et al., 2021) evaluate the performance of the WINDS 

model against neutron probe data from furrow irrigation experiments in sandy loam soils.  This 

paper refers to example data from these papers.  

Model Input Data 

The WINDS soil water balance model requires input soil, weather, crop, root activity, and 

irrigation data. There are two input data formats. The most recent version is organized in a 

database format with fields and records. The original version in Excel/VBA, which was used in this 

research and is convenient for researchers, has input data organized in columns for each 

treatment in Excel spreadsheets. A user guide with both formats is presented in Appendix-A.  

The WINDS model currently runs in Python and Microsoft Excel/Visual Basic. Because Python 

imports tables from Excel and MySQL, the python version can use both Excel and MySQL as the 

database; however, output, and graphing capabilities are much more extensive in the Excel/Visual 

Basic version.  

The Plantings table (Python, database format) or Crop_data spreadsheet (Excel/VBA) is the 

primary table in the WINDS model. It specifies crop parameters, as well as the Weather, Soils, 

Fields, and Irrigation data locations. and associated tables for each planting or plot. 

The Weather table includes daily weather data required for FAO56 dual crop coefficient 

calculations, including minimum and maximum temperature, rainfall, rainfall duration, relative 



 

39 
 

humidity, and reference evapotranspiration (ETo), calculated by the ASCE standardized Penman-

Monteith model (Allen et al., 2005).  

The WINDS model can simulate from 1 to 13 layers of varying depths. Soils input data includes 

the following characteristics for each layer: lower depth of the layer, field capacity, permanent 

wilting point, initial water content, saturated hydraulic conductivity, and the Van Genuchten 

coefficients (residual water content, saturated water content, alpha, n, L, and matching hydraulic 

conductivity). Field capacity and permanent wilting point values can either be measured with 

laboratory soil analysis, estimated in the WINDS model based on soil textural class, or estimated 

with observations of field-measured moisture contents. In general, the latter method is the most 

accurate, with percent sand, silt, and clay, bulk density, and/or field capacity, and permanent 

wilting point, the Rosetta model can estimate Van Genuchten coefficients (Schaap et al., 2001). In 

this research, we used an old Windows Rosetta version that estimates Van Genuchten parameters 

with field capacity and permanent wilting point values.  

Crop parameters as per FAO56 (Allen et al., 1998) include inflection points for the basal crop 

coefficient (Kcb), root growth, canopy cover, and crop height. However, unlike FAO56, stages for 

each crop parameter are specified independently. For example, roots might grow at a different 

rate than the canopy. The WINDS model also has the capability to specify different growth stages 

and values for a two-season crop, such as guayule, which is one of the SBAR crops (Katterman et 

al., 2021).  

Irrigation input data includes day of year for each irrigation phase, reference depth of 

infiltration for each irrigation application, and fraction of the reference irrigation depth for specific 
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locations or treatments within the irrigation zone. For each irrigation phase, horizontal wetted 

fractions are specified for each layer, as well as fraction of the total irrigation application depth 

distributed to each layer.  

Root activity input data includes the relative fractions of transpiration extracted from each soil 

layer as a function of rooting depth.   

Theoretical Development 

3.1 WINDS Tipping Bucket Model and Richards Equation  

The wetting front in large irrigation events has large changes in water content over short 

distances. Thus, simulation of the wetting front with Richards’ equation during large infiltration 

events requires small time and space steps. The advantage of the tipping bucket algorithm is that 

it is stable during large storm events with daily time steps and large soil layers. In the WINDS 

model, the tipping bucket algorithm routes large infiltration events downward through the root 

zone with field capacity as an upper limit, and freely drain water below the soil profile if there is 

no confining layer or water table. In the case of a water table, the water is added to the upper soil 

layers and then redistributed based on the elevation above the water table if the infiltration event 

reaches the soil layers in hydraulic equilibrium with the water table. Details on the water table 

algorithm are in Waller and Yitayew (2015). There was no water table in the current research. 

The tipping bucket approach is sequential, beginning from the upper layer and draining to 

the next lower layer. Each soil layer is a control volume that is treated like a “bucket” from which 

water spills into the next layer when the “bucket” is full. There are two tipping bucket algorithms 

in the WINDS model. One is for light soils in which all layers drain to field capacity on the same day 

as the irrigation event. This is realistic in a light soil such as sandy loam in which all layers drain to 
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field capacity by the following day. The second tipping bucket algorithm is used in heavy soils, 

which do not drain to field capacity within one day. The algorithm does not allow the rate of 

downward water movement in any layer to exceed the saturated hydraulic conductivity in that 

layer. One of the purposes of the WINDS model in SBAR research is to provide refined input data 

for the AquaCrop crop growth model (Maqsood et al., 2021b). If that is the purpose, then accurate 

estimation of the rate of water movement just after an irrigation event might not be critical, since 

crop growth is not sensitive to soil water content changes in the days after an irrigation event. 

There is no growth reduction when the soil profile water content is greater than the MAD.  

During each daily time step, the WINDS model begins with the top layer and moves 

downward. The first step in each layer is a water volume balance. The upper soil layer is the 

evaporation layer where sources are irrigation and rain infiltration, and sinks are evaporation and 

transpiration (Eq. 1). For partial wetting in the horizontal direction, e.g., for alternate furrow and 

above-ground drip irrigation, evaporation (Ewet) and rain infiltration (Rwet) are calculated based on 

the horizontal wetted fraction of the evaporation layer. The fraction transpiration, FTk is the 

fraction of total transpiration that comes from the evaporation layer. This initial volume balance 

results in the calculation of an initial water content, θactive (Eq. 1), without considering infiltration 

to the next layer.  θactive is evaluated to make decisions about possibly routing water to the layer 

below.   

θactive-k = θj-1,k + (Irrsurf + Rwet – ETj (FTk) – Ewet) / FWk  / ∆zk  Equation 1 

where 

θj-1, k = Water content from the previous time step in layer k, ml/ml 
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θactive-k  = Working value of water content in layer k during current time step, ml/ml  
Irrsurf    = Depth of irrigation water that enters surface layer, m,   
ETj =  Total transpiration from crop during current time step, m, 
FTk  = Fraction of transpiration from layer k, m  
Ewet  = Evaporation from the wetted fraction of layer k, m,  
Rwet = Rainfall that reaches the wetted fraction of layer k, m,  
FWk  = Fraction of layer k wetted in the horizontal direction, dimensionless, 
∆zk = Depth of layer k, m. 

 

For the first tipping bucket algorithm (light soils), if θactive-k exceeds field capacity after the 

calculation in Eq. 1, then the soil layer is drained to field capacity, and θfinal-k = θFC-k. Infiltration to 

the next lower layer is calculated as the difference between θactive-k and θFC-k, which is then divided 

by the fraction wetted for that layer (Eq. 2). 

I j, k = (θactive-k - θFC-k) FWk ∆zk    Equation 2 

where 

I j, k  = Infiltration from layer k to layer k – 1 during time step j, m, 
θfinal-k  =  Final water content in layer k at the end of time step j, mm/mm, 
θFC-k = Field capacity, mm/mm. 

 

If θactive-k does not exceed θFC-k after addition of irrigation and rain and removal of 

evaporation and transpiration, then infiltration and final water content are calculated with 

Richards’ equation (Richards, 1931), presented later. 

If the user specifies prior to simulation that soils require more than one day to drain to 

field capacity, then the model uses the second tipping bucket algorithm for heavy soils. In this 

case, infiltration from layer to layer is constricted by the saturated hydraulic conductivity if the 

active water content, θactive-k, is at or above saturation. In the tipping bucket model, it is assumed 
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that gravity drives infiltration, but unlike the Green-Ampt model (Green and Ampt, 1911), there is 

no ponded depth or suction pressure at the wetting front. 

The overall hydraulic conductivity for the tipping bucket model is the product of intrinsic 

hydraulic conductivity and wetted fraction of the soil in the horizontal direction. Infiltrated depth 

is equal to hydraulic conductivity because gravity drives infiltration (Eq. 3).  

                            I j, k = Kk FWk       Equation 3 

  θfinal-k = θactive-k - I j, k / FWk / ∆zk    Equation 4 

where  

 Kk = Intrinsic hydraulic conductivity in layer k, m/day, 

 With daily time steps, there is a potential for the second tipping bucket model to 

overestimate flux rates between layers if water content drops below saturation and saturated 

hydraulic conductivity is assumed for the entire time step. An extensive algorithm could break the 

day into small time steps with adjustments of water content and hydraulic conductivity; however, 

the second tipping bucket algorithm just checks whether the calculated infiltrated depth causes 

water content in layer k to drop below field capacity. If so, then final water content equals field 

capacity, and infiltrated depth is adjusted accordingly. Because crop growth models are not 

sensitive to water content changes above MAD, this lack of precision will not change estimates of 

crop growth. 
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One problem with the second tipping bucket algorithm is it is numerically possible for 

water content to be greater than saturated water content in some layers; however, it does not 

lead to a violation of the volume balance (water is not lost to thin air), nor lead to model instability, 

and it occurs infrequently.  

If the water content is less than saturated water content, then intrinsic hydraulic 

conductivity is calculated with the Van Genuchten parameters as follows: 

𝜃𝑒 =
𝜃 − 𝜃𝑟

𝜃𝑠 − 𝜃𝑟
 

Equation 5 

 

𝐾𝑘 = 𝐾0𝜃𝑒
𝐿 [1 − (1 − 𝜃𝑒

1
𝑚)

𝑚

]
2

 

Equation 6 

 

where 

K0 = matching hydraulic conductivity at saturation, m/day, 
L = curve fitting parameter, dimensionless, 
n = dimensionless parameter,  
m = dimensionless parameter equal to 1-1/n, 
θe = effective water content, dimensionless,  
θr,  = residual water content, dimensionless, 
θs = saturated water content, dimensionless, 
θ = actual water content, dimensionless. 
 

In layers below the upper evaporation layer, Eq. 7 is used for the initial calculation of θactive-

k. The term Irrk refers to irrigation water allocated directly to layers below the evaporation layer, 

which is the case with subsurface drip irrigation. The term I j, k+1is the infiltration from the layer 

above. 
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θ active-k = θ j-1,k + (Irrk + Ij,-k+1   – ETj FTk) / FWk  / ∆zk   Equation 7 

After sources are sinks are accounted for in layer k with Eq. 7, the selection of tipping 

bucket or Richards’ equation in layer k is based on θ active-k, and calculation of infiltration to layer 

k-1 and θ final-k is the same as in Eqs. 3-6. When θ active-k is less than field capacity, then water 

movement between layers is calculated with Richards’ equation (Richards, 1931; Eq. 10). Without 

this upper limit for employment of Richards’ equation, the model is unstable. To use Richards’ 

equation, the capillary pressure in layer k and layer k – 1 (the layer below) is calculated with the 

Van Genuchten parameters. 

ℎ𝑐 = −
(𝜃𝑒

−
1
𝑚 − 1)

1
𝑛

𝛼
 

Equation 8 

 

where 

 hc = capillary potential, m, 

 α = Van Genuchten dimensionless parameter 

As in many soil-water balance models, thermal and osmotic energy gradients are ignored 

in the WINDS model.  

In the Richards’ equation, infiltration (Eq. 10) is calculated based on hydraulic conductivity, 

difference in energy potential, and fraction wetted in the horizontal direction for the Richards’ 

equation (Eq. 10). Effective hydraulic conductivity is calculated with the hypergeometric function 

(Eq. 9), where the conductivity in each layer is multiplied by the fraction wetted in that layer. 



 

46 
 

𝐾 =

(𝑑𝑧𝑘 + 𝑑𝑧𝑘−1)
2

𝑑𝑧𝑘

𝐾𝑘 𝐹𝑊𝑘
+

𝑑𝑧𝑘−1

𝐾𝑘−1𝐹𝑊𝑘−1

 
Equation 9 

 

𝐼𝑗,𝑘 = 𝐾
(ℎ𝑐𝑗,𝑘 − ℎ𝑐𝑗,𝑘−1) + (𝑍𝑘 − 𝑍𝑘−1)

(𝑍𝑘 − 𝑍𝑘−1)
 

Equation 10 

 

Even limiting Richards’ equation to water contents lower than field capacity, in a few cases, 

the flux will be excessively large and will overshoot due to the large time step and possible large 

difference in moisture potentials. This causes model instability and fluctuations in water content 

for several subsequent time steps. Thus, if flux calculated with Richards’ equation results in a 

change of water content greater than a defined fractional difference between field capacity and 

permanent wilting point, then the flux is cut in half for that time step to maintain model stability. 

This will not have a significant effect on crop growth since the sum of water contents in the two 

layers is the same. 

3.2 Irrigation and Precipitation 

Surface infiltration in the WINDS model can be a fixed input or calculated with the Green-

Ampt model (Waller and Yitayew, 2015) based on the time of ponding and/or application rate. If 

weather data does not have fine enough resolution in time to use the Green-Ampt model, which 

is common with either daily or hourly weather data, then the partition between rainfall and runoff 

can be calculated with the WINDS model based on differences in soil moisture measurements 

before and after the storm.  

In commercial agriculture and in experiments, not all sections of the field receive the same 

amount of water or the same irrigation timing. On each day with irrigation, the WINDS model 

specifies a reference infiltration depth, and different parts of the field or different treatments 
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receive a fraction of the reference depth of infiltration. This is specified in the Irrigation table 

(Table 1) where rows refer to irrigation dates and columns refer to field positions, treatments, or 

plots. The Plantings Table specifies the Irrigation number (Irr_num) for each irrigation system and 

the horizontal position in the Irrigation table (field section). In Table 1, Irr_num =2 represents the 

SBAR guar deficit irrigation field experiment (Maqsood et al., 2021b), with some treatments not 

receiving irrigation water on certain days.  As with the Weather table, the Irrigation table specifies 

either Date or day of year (DOY) formats. For multi-season crops, the DOY format begins in the 

first year and extends into subsequent years from Jan 1 of the first year. 

The WINDS model irrigation algorithm can simulate sprinkler, surface, or drip irrigation, 

and it allows for changes in irrigation methods during the growing season. For example, some 

direct seeded guayule treatments in the SBAR experiments were germinated with sprinklers, 

initially irrigated with surface irrigation, and then switched to subsurface drip irrigation. Cotton is 

sometimes irrigated with alternate furrow irrigation during the first part of the growing season 

and then irrigated with every furrow irrigation during the second part of the growing season.  

With surface and sprinkler irrigation, all irrigation water is applied to the upper layer. With 

subsurface drip irrigation, defined fractions of the applied water are applied directly to the 2nd, 

3rd, and 4th layers, with fractions specified in the Plantings table. Although the drip emitter is only 

in the first or second layer below the soil surface, the irrigation model generally does not match 

the neutron probe data if water is only added to the first or second layer. The reason for this is 

that subsurface drip irrigation tends to maintain a bulb of water below the emitter, and there is a 
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better agreement with measured soil moisture data at a daily scale if water is initially allocated to 

three or four layers rather than one layer.  

As indicated previously, the WINDS model allows for partial wetting in the horizontal 

direction by specifying a wetted fraction for each soil layer. The Wetting fractions table specifies 

the wetted fractions for each layer during each irrigation phase. In Table 2, all layers in the soil 

profile are completely wetted in the horizontal direction for the guar sprinkler experiment. For 

guayule irrigation (Guay), there is an initial sprinkler irrigation phase with full wetting of all layers, 

followed by a surface irrigation phase, also with full wetting, and then a subsurface drip phase for 

the rest of the season. The subsurface drip phase has with 30% to 40% horizontal wetting in lower 

layers and no wetting in the evaporation layer. There is also no wetting on the surface, which 

means that no rainfall is counted toward the water balance for subsurface drip. This is a reasonable 

assumption if rainfall is minimal, and roots are minimal in the upper 10 cm of the soil profile. For 

the cotton (Cot) irrigation (Table 2), the season begins with alternate furrow irrigation, with 30% 

to 50% of the soil profile wetted, followed by every furrow-irrigation, with 100% wetting in all 

layers. 

3.3 Graphical Capabilities of the WINDS Model 

The WINDS model is designed to calibrate the model to observed soil moisture content in 

soil layers. After each simulation, the Excel/VBA WINDS model automatically copies the data back 

to the Water Content worksheet, which has 12 predefined graphs and a dialog box (Figure 2) for 

selecting between graphs, selection of layers, and time scale. The dialog box (Figure 2) also 

facilitates the comparison of neutron probe soil moisture data for any layer with modeled soil 

moisture content. Rapidly scrolling through neutron probe data and comparison with model 
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simulations enables quick identification of field capacity, initial water content, and permanent 

wilting point in different layers. Field capacity is the water content after irrigation events. For crops 

that dry out at the end of the season, permanent wilting point is near the dried down water 

content. The permanent wilting point may need to be assigned as a fraction of field capacity or 

with other algorithms if water is not extracted to near the permanent wilting point by crop 

management practices.  

The WINDS model Water Content worksheet has many other graphs. For example, it shows 

depletion in three different ways: total depletion of the soil profile, depletion in mm for each soil 

layer and percent depletion of each soil layer. From the cotton experiment, Figure 3 shows the 

daily cumulative depletion for the entire soil profile. In Figure 4, depletion is shown for each layer 

where Fig. 4A is in mm (depth), and 4B represents the percent depletion in each layer. 

One of the most important checks for accuracy in simulation models is the mass balance. The 

WINDS model has a graph on the Water Content page that compares the sum of sources and sinks 

with the change in storage for each day. These should be equal, as shown in Figure 5. 

3.4 Crop Coefficients and Evapotranspiration 

The WINDS model calculates ET with ASCE standardized reference ETo and the FAO56 dual 

crop coefficient (Allen et al., 1998). 

ETc = ET0 Ka        Equation 11 

Ka = Ks-water Kcb + Ke       Equation 12 

where 

ETc  =  crop evapotranspiration (mm/day) 
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ET0  =  reference evapotranspiration (mm/day) 
Ka  =  average crop coefficient, dimensionless 
Kcb  =  basal crop coefficient, dimensionless 
Ke  =  soil evaporation coefficient, dimensionless 
Ks-water  =  stress coefficient 
 
 

The water stress coefficient (Ks-water) is a function of soil water depletion. The depletion in 

each layer k is calculated based on the water content, field capacity, and horizontal fraction wetted 

(FWk) in layer k (Eq. 13). 

𝐷𝑟−𝑘 = (𝜃𝐹𝐶−𝑘 − 𝜃𝑘) 𝑑𝑧𝑘𝐹𝑊𝑘     Equation 13 

where 

 Dr-k  = depletion in layer k, m, 
 θk = water content in layer k, m/m 
 θFC-k = field capacity in layer k, m/m 
  

The Ks-water (Eq. 14) is calculated based on the water content in all layers within the root 

zone except for the evaporation layer. Otherwise, the calculation has a high sensitivity to the 

evaporation layer water content because the evaporation layer often has a water content near or 

below PWP. Based on experience, more representative modeling results for Ks-water are obtained 

by leaving out the evaporation layer in the equation because it is not representative of the water 

content in the layers where most of the roots are concentrated. When the average soil water 

fraction in layers in the root zone is less than a threshold depletion (p), the Ks-water value defaults 

to 1.0. Otherwise, the Ks-water is calculated as, 
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𝐾𝑠−𝑤𝑎𝑡𝑒𝑟 =
∑ (𝑇𝐴𝑊𝑘 𝐹𝑊𝑘) − ∑ (𝐷𝑟−𝑘)𝑛

𝑘=𝐵𝑜𝑡𝑡𝑜𝑚𝑙𝑎𝑦𝑒𝑟
𝑛
𝑘=𝐵𝑜𝑡𝑡𝑜𝑚𝑙𝑎𝑦𝑒𝑟

(1 − 𝑝) ∑ (𝑇𝐴𝑊𝑘 𝐹𝑊𝑘)𝑛
𝑘=𝐵𝑜𝑡𝑡𝑜𝑚𝑙𝑎𝑦𝑒𝑟

 

 

Equation 14 

 

where 

Bottom layer  = bottom layer in the root zone, 
n  = total number of layers, excluding the evaporation layer, 
TAWj  = total available water in layer k, m, 
Depletionj = depletion, Dr, in layer k, m, 
p  = threshold depletion fraction. 

 

The total daily transpiration from the entire soil profile is calculated as Ks-water Kcb ETo. The 

WINDS model specifies initial, mid, and late season values, as well as lengths of phases, for Kcb. 

Due to the need to simulate guayule in SBAR projects, which has a two-year growth cycle, the 

model also includes second midseason and second late season Kcb values and specifies the 

corresponding second-year growth periods. 

The WINDS model calculates the soil evaporation coefficient, Ke, based on the FAO56 dual 

crop coefficient methods (Eqs. 15-17). It is adjusted in the WINDS model based on a fraction of 

the evaporation layer that is wetted (FWevap). As in FAO56, the evaporation reduction coefficient 

(Kr) is calculated by Eq. 15 for cases when depletion in the evaporation layer exceeds REW. 

Otherwise Kr = 1.0. 

𝐾𝑟 =
𝑇𝐸𝑊 𝐹𝑊𝑒𝑣𝑎𝑝 − 𝐷𝑒𝑣𝑎𝑝

𝑇𝐸𝑊 𝐹𝑊𝑒𝑣𝑎𝑝 − 𝑅𝐸𝑊 𝐹𝑊𝑒𝑣𝑎𝑝
 

Equation 15 

 

where 
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 TEW = total evaporable water in evaporation layer, m, 
 REW  = readily evaporable water in evaporation layer, m, 
 Devap = Depletion in the evaporation layer, m. 
 Kr = Evaporation reduction coefficient 
 

The Ke coefficient is a function of Kr, the maximum coefficient of evaporation, Kc-max, and 

Kcb, and it cannot exceed the product of fraction wetted and Kc-max. 

Ke = Kr (Kc-max – Kcb) ≤ FWevap Kc-max      Equation 16 

The maximum combined evaporation and transpiration coefficient, Kc-max, is a function of 

wind speed, minimum relative humidity, and crop height (Allen et al., 1998).  

𝐾𝑐−𝑚𝑎𝑥 = max [{1.2 + [0.04(𝑢2 − 2) − 0.004(𝑅𝐻𝑚𝑖𝑛 − 45)] (
ℎ

3
)

0.3
} , {𝐾𝑐𝑏 + 0.05}] Equation 17 

where 

Kc-max   =  maximum combined evaporation and transpiration coef., dimensionless, 
u2  =  mean daily wind speed at 2 m height, m/s, 
RHmin  =  mean minimum relative humidity, 
h  =  plant height, m. 
 

3.5 Fractions of Transpiration Extracted from Layers 

The WINDS model specifies root growth rate and corresponding root activity in layers for 

each rooting zone depth during the season. This is the key to accurate simulation of moisture 

contents in layers.  Root uptake fractions per layer are specified in the ET_fractions table (Table 

3).  For example, when the root zone depth extends into the fifth layer (5L) in the guar experiment, 

the fractional uptake from each of the top five layers is 0.05, 0.35, 0.25, 0.20, and 0.15. Extra 
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columns and rows have zeros since the WINDS model has 13 maximum layers, but the Guar 

simulation only has 8 layers. 

Because root density is a dynamic process that changes during the growing season, there 

is a unique fractional extraction rate per layer for each root zone depth. The upper layers have a 

high fraction early in the irrigation cycle, but the lower layers extract an increasing amount of 

water as the root zone increases and the season progresses.  

Roots grow during the season from an initial to final depth over a specified time of 

development. The time that roots enter a layer can generally be assessed based on changes in 

moisture content within layers; however, there might be cases in which roots pull water up from 

lower layers. This can be simulated with accurate Richard’s equation parameterization.  

The fraction of transpiration (FTk) from each layer is adjusted based on depletion in each 

layer. If the depletion in that layer is greater than the product of Readily Available Water (RAWk) 

and FWk in that layer, then the fraction of transpiration (FTk) from a layer is decreased based on 

the fraction of water remaining between the permanent wilting point and Total Available Water 

(TAWk; Eq. 18).  

𝐹𝑇𝑘 = 𝐸𝑇𝑓𝑟𝑎𝑐−𝑘 (
𝑇𝐴𝑊𝑘 𝐹𝑊𝑘 − 𝐷𝑟−𝑘

𝑇𝐴𝑊𝑘𝐹𝑊𝑘 − 𝑅𝐴𝑊𝑘𝐹𝑊𝑘
) 

Equation 18 

 

where 

 TAWk and RAWk = total and readily available water, respectively, in layer k, m, 
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If transpiration is reduced from some layers due to soil water depletion, then the sum of 

FTk values will be less than 1.0. In order to return to full transpiration removal for the time step, 

the FTk value from each layer is divided by the sum of FTk values to find the actual fraction of 

evaporation from each layer for a given time step. 

Conclusions 

This paper describes the methodology and algorithms used in the WINDS soil-water balance 

model. The model uses a tipping bucket approach during infiltration events and Richards’ equation 

between infiltration events. The model specifies a reference irrigation depth for each irrigation 

event and a fraction of reference depth for each field position. It has a dynamic root extraction 

algorithm that enables changes in water extraction patterns during the season and adjustment of 

extraction patterns based on depletion within layers.  The WINDS model Excel/VBA version has 

extensive graphing capabilities. An important capability of the model is the ability to rapidly 

visualize and compare measured and simulated soil water contents in soil layers. The crop 

coefficient algorithm in WINDS extends the use of the standardized FAO56 dual crop coefficient 

procedures to two season crops, such as guayule. In the SBAR project, WINDS has been adapted 

to simulations of guar and guayule, two emerging crops in the US Southwest.  
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List of Tables 

Table 1. Irrigation table with Irrigation ID (Irr_num), Date, Day of year (DOY), Reference application 

depth (Ref_mm)), and field section or plot (Sec_x). 

Irr_num Date DOY Ref_mm Sec_1 Sec_2 Sec_3 Sec_4 Sec_5 Sec_6 Sec_7 

1 
 

287 80 1 0.95 0.9 0.8 0.7 0.6 0.5 

1 
 

318 80 1 0.95 0.9 0.8 0.7 0.6 0.5 

1 
 

340 80 1 0.95 0.9 0.8 0.7 0.6 0.5 

1 
 

351 80 1 0.95 0.9 0.8 0.7 0.6 0.5 

1 
 

370 80 1 0.95 0.9 0.8 0.7 0.6 0.5 

1 
 

400 80 1 0.95 0.9 0.8 0.7 0.6 0.5 

2 
 

167 43.18 1 1 1 1 0 0 0 

2 
 

174 43.18 1 1 1 1 0 0 0 

2 
 

181 40.64 1 1 1 1 0 0 0 

2 
 

185 12.7 1 1 1 0 1 1 1 

2 
 

190 10.16 1 1 1 0 1 1 1 

2 
 

199 17.78 1 0 1 0 1 0 1 

2 
 

217 30.48 1 0 1 0 1 0 1 

2 
 

225 31.75 1 1 0 0 1 1 0 

2 
 

240 31.75 1 1 0 0 1 1 0 

2 
 

253 31.75 1 1 0 0 1 1 0 

2 
 

260 31.75 1 1 0 0 1 1 0 
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Table 2. Fraction wetted table (worksheet) in the WINDS model.  

num name Phase n11 n10 n9 n8 n7 n6 n5 n4 n3 n2 n1 n Ev Surf 

1 Guar 1 0 0 0 0 1 1 1 1 1 1 1 1 1 1 

1 Guar 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

1 Guar 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

1 Guar 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

1 Guar 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

2 Guay 1 0 0 0 0 1 1 1 1 1 1 1 1 1 1 

2 Guay 2 0 0 0 0 1 1 1 1 1 1 1 1 1 1 

2 Guay 3 0 0 0 0 0.4 0.4 0.4 0.4 0.4 0.4 0.35 0.3 0 0 

2 Guay 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

2 Guay 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

3 Cot 1 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.4 0.3 0.3 

3 Cot 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

3 Cot 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

3 Cot 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

3 Cot 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
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Table 3. Fractional ET uptake in each layer based on root zone depth (layer). 

Sim num Sim name Layer Depth 1L 2L 3L 4L 5L 6L 7L 8L 

1 Guar 13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 Guar 12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 Guar 11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 Guar 10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 Guar 9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

1 Guar 8 10 1 0.50 0.05 0.05 0.05 0.05 0.05 0.05 

1 Guar 7 20 0 0.50 0.50 0.45 0.35 0.35 0.30 0.30 

1 Guar 6 40 0 0.00 0.45 0.30 0.25 0.25 0.25 0.25 

1 Guar 5 60 0 0.00 0.00 0.20 0.20 0.15 0.20 0.20 

1 Guar 4 80 0 0.00 0.00 0.00 0.15 0.15 0.10 0.05 

1 Guar 3 100 0 0.00 0.00 0.00 0.00 0.05 0.05 0.05 

1 Guar 2 120 0 0.00 0.00 0.00 0.00 0.00 0.05 0.05 

1 Guar 1 140 0 0.00 0.00 0.00 0.00 0.00 0.00 0.05 
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List of Figures 

 

Figure 1: Conceptual diagram of the WINDS model showing the parameters governing soil water 
balance. 

 

 

Figure 2: Dialogue box in the Excel WINDS model that is used to compare periodic neutron probe 
soil moisture measurements at layer 7 with the daily simulation for a NT treatment replicate in the 
cotton experiment. 
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Figure 3: WINDS soil profile depletion result illustrating the daily cumulative depletion (mm) in the 
soil profile over the growing season. The results are shown as an example from the 2007 cotton 
experiment. 
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Figure 4: Graphical representation from the WINDS model showing depletion of each soil layer in 
4A) in depth (mm) and 4B) as percent depletion. The results are shown as an example from the 
2007 cotton experiment. 

 

Figure 5: Example of daily volume balance showing the sum of sources and sinks agreeing with the 
depth difference in the soil profile. The WINDS model generates these graphs in the 'water content 
module. 
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Appendix – A1 (WINDS Manual)  

This Appendix comprehends the working and interface of WINDS Excel/VBA version. The 

Excel/VBA version is designed for engineers and researchers. There are multiple excel sheets, each 

specific to a certain data type. All the sheets are interlinked through an experiment-specific index 

number, defined by the user. There are buttons to switch back and forth between the worksheets 

and multiple forms that help select required data and generate various graphs. 

Below is a description of the worksheets and the working environment. 

Main Sheet: 

The model starts from the main sheet named ‘Main’. This worksheet works as a directory indexing 

all the experiments. The researcher starts to enter the data in this worksheet. Currently, there are 

more than 100 experiments already in the model’s database. Figure A1 illustrates the data of the 

worksheet. Column A defines the index to an experiment, Column B is the treatment or 

experiment, and Column C is for extra notes related to the treatment. Figure A1 shows that the 

first 14 experiments are examples from the book Irrigation and Drainage Engineering (Waller and 

Yitayew, 2015), and experiments from index 21 to 24 are related to a guar experiment conducted 

in New Mexico, USA. Columns D and E are specific to an irrigation system. Column D defines the 

irrigation worksheet of that experiment and column E is the selection of irrigation treatment 

within the irrigation worksheet. The irrigation worksheet has irrigation amounts and treatments 

mentioned that are explained below.  

Column F is a Boolean from where the user can select one or more experiments to run. ‘TRUE’ will 

run the experiment and ‘FALSE’ will not. One of the major advantages of the model is the easy 
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transition between multiple experiments. The researcher can run multiple replicates (by selecting 

‘TRUE’ for all) for experiments and evaluate the results.  

The right side of Figure A1 illustrates a series of buttons including a drop-down menu button to 

select the experiment of interest, followed by a button that directs the model to results (e.g. water 

content).  

User can enter all the fields in the Main sheet given that the ‘Treatment name’ and ‘Irrigation 

name’ are entered the same way throughout all the worksheets in the model. 

 

Figure A1: Main worksheet of the WINDS model showing all the experiments in the directory. 

Figure A1 also illustrates the names of the sheets that are presented as modules. The ‘Main’ is in 

the very beginning, followed by ‘Crop_data’ that includes crop and soil data collected from the 

field. The ‘Water_content’ sheet shows quantitative and graphical results of evapotranspiration, 
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soil moisture, depletion, and other soil-water parameters. Following, there is a weather worksheet 

that is specific to each experiment location.  

Weather data: 

After defining the experiment in the ‘Main’ sheet, the researcher develops a weather datasheet 

for that experiment. Figure A2 is an illustration of daily weather data for Maricopa, Arizona, for 

the year 2007. This worksheet is developed for the cotton experiment calibrated in the companion 

article. This worksheet includes important weather indicators such as rainfall (mm) and ETo (mm) 

that are used in the model algorithms. The user can manually enter the data or automatically pull 

it from the online weather station. The graphs are automatically generated as the data are 

entered. The name of the weather sheet is an ID for weather data to integrate with the rest of the 

experiment. 

 

Figure A2: Weather datasheet of the WINDS model for the year 2007 of Maricopa, AZ. 

Irrigation data: 
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After the weather data are entered, the next worksheet is the irrigation datasheet. This worksheet 

has temporal data corresponding to the Day of Year (DOY), similar to the weather data. Column B 

is the reference irrigation in millimeters mentioning irrigation amount on a given DOY for the 

experiment(s). Column C and onward, the data represent the fraction of reference irrigation for 

that replicate. For example, in Figure A3, the data indicate that irrigation of 143 mm on DOY 123 

was fully applied in FT-12 experiment; whereas, only 0.34 of 143mm was applied that day in FT-

25 experiment. The names of these experiments are user-defined. 

 

Figure A3: Irrigation data sheet in the WINDS model showing the distribution of irrigation amount 
between multiple experiments. 

Neutron probe data: 

The neutron data is a collection of worksheets where each worksheet represents soil moisture 

data from the neutron readings at a specific location in the field. Each location represents a 
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replicate of a treatment. Figure A4 shows a format for the worksheet showing soil moisture data 

for each layer corresponding to the DOY as well as the date. The raw neutron readings are initially 

converted to soil moisture and formatted using a python model to integrate with the WINDS 

model algorithm. The name of this sheet is significant as it is used as an ID to link with the correct 

experiment. 

 

Figure A4: Neutron probe soil moisture datasheet for a treatment showing temporal data for all 
the layers of the experiment. 

Field data: 

The field data is the ‘Crop_data’ worksheet that could be the last input datasheet as, unlike other 

sheets, the data of various parameters are tweaked to calibrate the model (to bring the model 

results closest to the in-field experiment). This is the most elaborated module of the WINDS model. 
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It can be categorized into two components: soil and crop data (Figure A5). The first column in the 

sheet is a description of the parameter.  

In the worksheet, the user first enters the index number in row 1. Then, the next rows are filled 

using plant data attained from the field and/or literature. The section number is the same as the 

index number from the ‘Main’ sheet. The planting name should be the same as the treatment 

name in the ‘Main’ sheet. 

Under the crop data category, following are the parameters. 

Planting DOY and Planting Year: The first day of the crop and year of the season is mentioned, 

respectively. 

Days of growth stages: Rows 9 to 12 have the number of days for the Initial stage, development 

stage, mid-season stage, late season, and end season are mentioned for the crop. If not estimated 

in the field, these are initially entered using literature.  

Growing days for year 2: Rows 14 to 16 are for perennial crops having the growing season for the 

second year. These rows are irrelevant for the annual crops. 

Ending DOY: This is the last day of the season. 

Kcb: The next three rows (row 18 – 20) are values of basal crop coefficient for each growing stage. 

If not estimated in the field, these are initially entered using literature. In the case of a perennial 

crop, mid and end Kcb for year 2 are entered in rows 21 and 22, respectively. 

Crop growth days: Days for the development of crop height, crop root, and 1 – c for each stage 

are mentioned in this worksheet.  
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1 – c: This parameter is related to the crop cover over the growing period. The range is from 0 to 

1 where 1 represents the bare soil and the value reduces as the crop grows and develops canopy. 

Crop root and height: Root depth for the initial, development, and final stage of the crop are 

mentioned in rows 31 to 33. Similarly, minimum, maximum, mid-season, and end-season crop 

heights are also entered in the worksheet (rows 34 -37). These are either estimated or calculated 

using field measurements. 

In the next rows, the user can select whether to simulate nitrogen, salinity, and rainfall. The type 

of irrigation method (furrow, sprinkler, drip, etc.) and irrigation partition are also required. The 

WINDS model has a feature to neglect the evaporation layer in the depletion calculation. This 

option is selected by the user as TRUE or FALSE in row 51. In the case of the pre-irrigation 

condition, the user can enter the DOY and run the model for pre-irrigated days. The WINDS model 

also has options for boundary conditions such as, 

Sealing the bottom: No drainage beyond the root zone 

Field capacity restriction: Water is not allowed to drain more than FC. 

 Irrigation efficiency: The efficiency of the irrigation method (in fraction) 

 Surface evaporation: Whether to eliminate the process of evaporation or include it. 

Figure A5 further shows the soil parameters starting from row 86, in the working datasheet. It is 

important to note that the sheet requires data for each soil layer. The WINDS model has the 

potential to add or subtract the number of layers for any experiment. By default, there are rows 
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for a maximum of 12 layers. The tipping bucket as well as Van Genuchten parameters are entered 

here for each layer (Figures A6 and A7). 

This worksheet also includes nitrogen and salinity data requirements; however, using Boolean 

those sections are turned off for this study.  
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Figure A5: Field data worksheet showing crop and soil input parameters in the WINDS model. 

 

Figure A6: A section of the field datasheet showing tipping bucket parameters for each layer in the 
soil profile. 
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Figure A7: Screenshot from the WINDS model showing input data section for Van Genuchten 
parameters. 

ET Fractions: 

The next step is to calculate the modified fraction of transpiration removed from each layer. The 

specified fractions in the ET_fractions worksheet are first reduced by the fraction of depletion 

below the MAD level. If the sum of fractions does not equal 1.0, then all fractions are divided by 

the initial sum of fractions to make the final sum equal 1.0.  
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Figure A8: Distribution of ET fractions between soil layers. 

After entering all the data in this sheet, the model is set to run. By clicking ‘Go to Main’, the user 

can go to the main sheet to select the treatment to be run. In the process of calibration, the 

parameters such as growth stages, saturated water content, and REW/TEW are tweaked. The 

initial water content and saturated water content are also adjusted later.  

Water content data: 

In case of no bugs, the model will show a popup window saying that the model has successfully 

run. The data can then be seen in the ‘Water_content’ sheet. This sheet can be accessed from the 

Main sheet as well. There are dynamic results of nitrogen and salinity; however, this appendix only 

focuses on the water content results for each experiment. 

This sheet will show graphs and to the right of the sheet will be temporal results for soil moisture, 

depletion, crop evapotranspiration, crop coefficients, and more. The WINDS model is flexible in 

graphical data representation. Figure A9 illustrates the sheet where a calibration graph of soil 

moisture (between field and model) is shown. From the button ‘Water graphs’ (Figure A10), the 
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researcher can select the graph of interest and produce sound analysis. Moreover, the same 

button can be used to select the soil layer to work on. The results can also be viewed for various 

periods by changing the range of visible water graphs.  

After looking at the results and calibration graph, tweaking is done on the field data sheet to 

improve the graphs.  
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Figure A9: Water content data sheet that shows simulated results of soil moisture and other 
parameters. 

 

Figure A10: Water graph form for the selection of graphs, layer of soil, neutron reading, axes 
ranges. 

Remote Sensing data: 

 From the number of readings during the growing season, the minimum and maximum 

NDVI values are entered in the worksheet. The equations help develop crop coefficients and 

determine the health of the crop for that given day. This module is being improved with the 

addition of more data points. 
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Figure A11: Remote sensing module of the WINDS model to enter the daily NDVI values. The left 
panel is working on the plant growth parameters using the NDVI values. 

Table A1: Input data elements of the WINDS model showing parameters and units. 

Module Parameters Unit Source of data 

    

Weather data 

Precipitation mm 

Weather station or 

online data 

Duration of a precipitation event hour 

Minimum Temperature 
Celsius 

Maximum Temperature 

Minimum relative humidity % 

Solar radiation  
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Evapotranspiration mm/day 

Weather station or 

Penman-Monteith 

Equation 

    

Soil Data 

Soil type name 

Field soil analysis 

report 

Layer depth cm 

Field capacity 

decimal 
Permanent wilting point 

Saturated conductivity 

Saturated water content 

Hydraulic conductivity  

Readily Evaporable Water (REW)  

Total Available Water (TAW)  

Management Allowable Depletion (MAD) %  

Water Table depth cm  

Infiltration Mm  

    

Irrigation Data 

Irrigation amount mm  

Irrigation day day  

Irrigation type name  
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Crop Data 

Crop name name  

Crop coefficient  FAO-56 

Day of Planting day Field 

Day of Year day  

Period for each growth stage day FAO-56 or field 

Day of harvest day 

Field observations Root depth mm 

Crop height mm 

 

Table A2: Moisture retention, matching conductivity, and hydraulic conductivity data. (Schaap, 
1999). 

Texture class 
θr 

cm3/cm3 

θs 

cm3/cm3 

α 

(1/cm) 
n 

Ks 

(cm/day) 

Ko 

(cm/day) 
L 

 mean 

Clay 0.098 0.459 0.0150 1.25 14.8 2.96 -1.561 

Clay loam 0.079 0.442 0.0158 1.42 8.18 5.00 -0.763 

Loam 0.061 0.399 0.0111 1.47 12.1 3.70 -0.371 

Loamy sand 0.049 0.39 0.0348 1.75 105 24.3 -0.874 

Sand 0.053 0.375 0.0352 3.18 643 24.5 -0.93 

Sandy clay 0.117 0.385 0.0334 1.21 11.4 4.34 -3.665 

Sandy Clay Loam 0.063 0.384 0.0211 1.33 13.2 6.93 -1.28 

Sandy loam 0.039 0.387 0.0267 1.45 38.3 15.5 -0.861 
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Silt 0.05 0.489 0.00658 1.68 43.8 3.34 0.624 

Silty Clay 0.111 0.481 0.0162 1.32 9.62 3.17 -1.287 

Silty Clay Loam 0.09 0.482 0.00839 1.52 11.1 2.23 -0.156 

Silt loam 0.065 0.439 0.00506 1.66 18.2 1.75 0.365 

 Standard deviations 

Clay 0.107 0.079 4.8 1.17 8.3 1.82 1.39 

Clay loam 0.076 0.079 4.9 1.32 12.3 1.70 0.9 

Loam 0.073 0.098 5.4 1.35 8.3 1.62 0.84 

Loamy sand 0.042 0.07 3.0 1.45 4 1.7 0.59 

Sand 0.029 0.055 1.8 1.51 4 1.7 0.49 

Sandy clay 0.114 0.046 3.7 1.15 7.8 2.19 1.8 

Sandy Clay Loam 0.078 0.061 5.1 1.32 7.1 1.74 0.99 

Sandy loam 0.054 0.085 3.6 1.29 4.6 1.6 0.73 

Silt 0.041 0.078 2.0 1.35 1.9 2.09 1.57 

Silty Clay 0.119 0.08 4.4 1.26 3.7 1.86 1.23 

Silty Clay Loam 0.082 0.086 3.9 1.35 5.8 1.82 1.23 

Silt loam 0.073 0.093 3.7 1.38 5.5 1.82 1.42 
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Abstract 

The WINDS model (Water, Irrigation, Nitrogen, Drainage, and Salinity) is a daily time step 

soil-water balance model that uses a tipping bucket model during infiltration and Richards’ 

equation between infiltration events. The purpose of this research is to evaluate the accuracy of 

the WINDS simulation of moisture content and evapotranspiration in soil layers for furrow 

irrigation in a sandy loam (light) soil that drains to field capacity within one day. A secondary 

objective was to determine the sensitivity of the WINDS model to variations in tipping bucket and 

Van Genuchten soil parameters. In this paper, WINDS simulations are compared to measured soil 

water content in a cotton (Gossypium hirsutum L.) surface irrigation field study that was conducted 

in 2007 at Maricopa, Arizona, USA. In the field study, soil texture, field capacity, and permanent 

wilting point were measured in the laboratory for soil layers at neutron meter access tube 

locations within treatment plots. Van Genuchten parameters for the Richards’ equation were then 

calculated with this information (didn’t you use the field capacities that Doug estimated from 

neutron probe readings?) using the Rosetta model (Schaap et al., 2001). The cotton experiment 

utilized two methods to calculate the FAO-56 dual crop coefficient. One treatment (denoted as 

mailto:hadiqa@email.arizona.edu


 

83 
 

FT) estimated basal crop coefficient (Kcb) used the locally derived FAO-56 growth stage Kcb curve. 

The second treatment (NT) estimated Kcb from the normalized difference vegetation index (NDVI) 

obtained from ground based NDVI data. Each treatment had four replicates. Measured field study 

data included soil layer water contents by neutron moisture meters, irrigation application, crop 

growth, and yield, and measured Crop Evapotranspiration (ETc) by the soil water balance. The 

results indicated that the calibrated model performed exceptionally well with an average RMSE of 

0.026 and 0.028 m3 m-3 difference between observed and model-predicted soil water contents in 

layers for the FT and NT methods, respectively. The ETc simulations also showed exceptional 

results including the WINDS model predicting evaporation and transpiration for the season. The 

measured and modeled ET matched best for mid and late season. Sensitivity analysis of the soil 

parameters revealed that the WINDS simulation is much more sensitive to tipping bucket 

parameters (field capacity) than Van Genuchten parameters in a sandy loam soil where the 

Richards’ equation is only used to calculate water flux between irrigation events.  

Keywords: irrigation, modeling, arid region, soil moisture 

1. Introduction 

In the southwestern United States, there are various limitations to sustaining 

agroecosystems, including, overallocation of agricultural water supply in the low desert, ongoing 

drought in the Colorado River basin leading to rapid depletion of groundwater storage and 

reservoir water supplies, and increased distribution of water for industrial and municipal needs 

(Prein et al., 2016; Castle et al., 2016; Holdren and Turner, 2010).  Efficient irrigation management 

in the region is needed to optimize crop yields and minimize the amount of water application and 



 

84 
 

water losses. Irrigation field experiments conducted in the region for the past decades have 

developed strategies for improving crop yield and water management (e.g., Erie et al., 1982; Bucks 

et al., 1988; Hunsaker et al., 2002). However, the extrapolation of field experimental data to the 

various agroecosystems and climate conditions that exist today are often limited.  Much broader 

applications of field research data can be obtained using computation modeling and crop 

simulation approaches (Svedin et al., 2019; Pereira et al., 2020). Once properly calibrated, models, 

can provide decision support for addressing management issues as an alternative to conducting 

more field experiments that take time, labor, and financial resources. Researchers have been using 

numerical models, incorporated with multiple sets of equations and theories to simulate soil-

water balance, crop water requirement, and crop yields (Iqbal et al., 2020). The extent of the 

model agreement with the field measurement determines the robustness and accuracy of the 

model; therefore, various studies on the calibration of models for different soil properties, climatic 

conditions, and crops are performed. 

Studies have shown the performance of various irrigation models in simulating exceptional 

crop-water status for fields, throughout different parts of the world (Hassanli et al., 2016; Akinbile, 

2020; De Sales., 2020; Pan et al., 2020). Daily time-step models like AquaCrop (Steduto et al., 2009) 

and CropWat (Smith, 1992) are two of the most popular plant simulation models to study 

environmental and physical parameters affecting crop growth. Some studies on AquaCrop 

modeling have also shown higher yields with low irrigation and irrigation scheduling in relation to 

crop growth (Masasi, 2019; Sandhu and Irmak., 2019). Similarly, a set of HYDRUS models (Šimunek 

et al., 2012), including HYDRUS 1D, HYDRUS 2D-3D, and SWMS, are water flow simulation models 
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to examine the soil moisture in the soil profile. A study by Karandish and Šimůnek (2019) showed 

good agreement between field data and HYDRUS 2D/3D simulation.  

In addition to models, the potential of ground-based and aerial remote sensing (RS) is also 

being explored as a tool to advance the method of data collection and analysis. Remote sensing 

vegetation indices (VIs) have been applied in agriculture research for several decades and their 

use has great potential for detailed experimental data (Pinter et al, 2003). The technique has been 

used to develop crop coefficients, irrigation schedules, and improve water productivity for furrow, 

sprinkler, and drip systems (Pocas et al., 2020; Hunsaker et al., 2005; Thorp et al., 2017; Kothari et 

al., 2019). Sensors including thermal and infrared cameras are installed on unmanned aerial 

vehicles (UAVs) and satellites to attain imagery that is quantified into VIs; e.g., the normalized 

difference vegetation index, NDVI (Rouse et al., 1974). The VI data can provide a spatiotemporal 

relationship between spectral reflectance and crop biophysical parameters representing crop 

growth.  There have been many studies that incorporate remotely sensed data within the FAO-56 

crop coefficient (Kc) procedures (Allen et al., 1998) and other crop models to estimate crop 

evapotranspiration (ETc). Hunsaker et al. (2005) conducted a study on cotton where the basal crop 

coefficient (Kcb) was estimated using two approaches: NDVI-based Kcb and Kcb using FAO-56 dual 

Kc procedures. That study showed good agreement between the measured and estimated ETc by 

the two Kcb models. Ding et al. (2017), using remote sensing data, studied the assimilation of the 

HYDRUS model to assess the soil moisture in an arid region of China. With the increasing 

investment in technology, modeling and remote sensing can provide an excellent interface for 

farmers and researchers toward improving agroecosystems. 
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This study presents an analysis of the irrigation-water model within the broader model 

known as WINDS – Water, Irrigation, Nitrogen, Drainage, and Salinity. WINDS is an open-access 

model developed at the University of Arizona and introduced in the book, Irrigation Systems 

Design (Waller and Yitayew, 2015). The irrigation model is a daily-time step, finite-difference 

model that uses a tipping bucket approach for water distribution after irrigation and rainfall events 

between the soil layers. The tipping bucket model uses field capacity (FC) antecedent water 

content,and saturated water content to direct the water movement following irrigation or large 

precipitation events, whereas the water movement during between infiltration events is 

determined with the Richards’ equation, which uses the Van Genuchten soil characteristics model. 

The model is capable of simulating different soil properties and crops for various irrigation systems 

and soil types. The model has a VBA-Excel version for researchers and a python version aimed to 

run in tandem with as an irrigation management tool for growers. Moreover, the model 

incorporates vegetation indices for canopy cover and crop coefficient estimations. The integration 

of layer-based soil moisture analysis, crop growth modeling, and remote sensing makes it a 

potential model for precision agriculture and scenario analysis. Accurately simulating soil moisture 

content in layers increases the usefulness of the model because results can be compared with 

neutron probe data or in-situ soil moisture sensors at specific depths in the soil. 

Cotton ranks seventh in the world’s cultivated area and is in high demand in textile and 

chemical industries. Cotton has been grown commercially in the southwestern US desert of 

Arizona for more than 100 years, most commonly using surface irrigation systems, such as furrow 

and level basin. Because it has a high water demand in the desert, various researchers over the 

years have studied irrigation water use and efficiency in cotton (Ayars et al., 1999; Ayars et al., 
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2015; Grismer, 2002).  Experiments on cotton in the low desert region have shown that higher 

yields and water savings can be realized with smaller, but more frequent surface irrigation 

applications (Radin et al., 1992: Hunsaker et al., 1998). There have also been consistent efforts to 

increase the efficiency and productivity of cotton systems in the region by adopting sprinkler and 

drip irrigation systems (Thorp et al., 2017; Hunsaker and Bronson, 2021). More recently, various 

crop modeling techniques are being explored in cotton research experiments to comply with the 

increasing industrial demand for water and climate uncertainty (Thorp et al., 2020). 

The primary objective of this study is to calibrate the WINDS model for daily moisture 

content in soil layers using measured field data from an experiment conducted under the arid 

conditions of central Arizona, USA.  In addition, the WINDS model predictions of ETc are compared 

with actual ETc data measured from soil water balance in the experiment. 

2. Methods and Materials 

2.1 Cotton Field Experiment 

The cotton irrigation experiment was conducted in 2007 on a 1.25-ha field site at the 

University of Arizona, Maricopa Agricultural Center (MAC) in central Arizona (33° 04′ N, 111° 58′ 

W, 361m MSL). The soil was classified as Casa Grande series (Typic Natrargids, fine-loamy, mixed, 

hyperthermic) by Post et al. (1988), which consists of sandy loam to sandy clay loam soil textures.  

Before the cotton experiment, camelina sativa was planted in early Nov. 2006 and grown with 

irrigation in 32 treatment plots (Hunsaker et al., 2011). The camelina crop was harvested on April 

19, 2007 [day of year (DOY) 109]. The field was then ripped and disked and laser-level to zero slope 

to prepare for cotton planting. On April 27, ammonium phosphate (16-20-0) at rates of 36 and 45 

kg N ha-1 was incorporated into the soil as pre-plant fertilizer, followed by soil cultivation, and bed 
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listing in the N-S direction at 1.02 m spacings. On April 30 (DOY 120), the cotton cultivar DeltaPine-

449B/RR0F

1 was planted in the dry raised beds of 32 plots using a four-row, precision vacuum planter 

(Monosem Inc., Edwardsville, KS, USA).  Two seeding rates, typical (T), 12 seeds m-2, and sparse 

(S), 6 seeds m-2, were each applied in 16 of the 32 plots.  

The experimental field contained eight, sub-treatment plots that were randomly assigned 

in a randomized complete block design (RCBD) in four replicate blocks (32 total treatment plots). 

The main treatment included four irrigation scheduling methods, each having sub-treatments of 

the T and S plant densities. Irrigation scheduling methods included two treatments in which daily 

ETc was estimated using the FAO-56 dual crop coefficient procedures based on two Kcb 

approaches: 1) a locally derived segmented FAO-56 (F) Kcb curve and 2) daily Kcb estimated from 

NDVI (N) observations that were made two-three times per week and interpolated daily. The other 

two irrigation methods were based on a cotton growth model (Thorp et al., 2017) and the 

University of Arizona, irrigation scheduling model (AzSched) developed by Fox et al. (1993). For 

this study, only treatments using the two FAO-56 Kcb methods (F and N) under typical plant 

density (denoted as FT and NT, respectively) were evaluated. 

After planting, the plots were separated by forming raised berms on the four edges of each 

plot. After berming, the inner plot size of each replicate was 11 rows wide (11.2 m) by 18.5 m long.  

Figure 1 and Table 1 show the assigned field plot numbers of the four replicates of each treatment. 

The other unmarked plots in figure 1 were the different experimental treatments not evaluated 

herein. Two gated pipe irrigation systems, 152-mm in diameter, were installed in the E-W direction 

 
1 Mention of trade names or commercial products in this article is solely for the purpose of providing specific 
information and does not imply recommendation or endorsement by the U.S. Department of Agriculture. USDA is 
an equal opportunity provider and employer. 
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and extended the length of the field. Each system provided water to separately surface irrigate 16 

treatment plots. Irrigation water was controlled by an alfalfa-valve located at the west-end of each 

gated pipe system. Gated ports spaced 1.02 m along the pipe were used to control separate water 

delivery to individual plots. The irrigation volume for each irrigation event was measured with 

calibrated in-line propeller-type water meters placed at the head of each gated pipe system.  Start-

up irrigations for cotton plot germination and establishment commenced on May 2-3. Irrigations 

were also applied on May 7 and May 10 with ≈equal amounts of water to plots. Metal neutron 

access tubes were then installed vertically to a depth of 3.0 m in central beds in each plot at 

approximately the geometric center of the plot.  Two steel rods, 0.3-m long, used in measuring 

surface depth volumetric soil water content (θv, m3 m-3) by a time-domain-reflectometry (TDR) 

sensor (Trase1 SoilMoisture Equip., Corp., Santa Barbara, CA, USA) were also installed vertically in 

the same plot bed as the access tube, but 0.5 m away from the tube. Plot border berms were then 

re-formed on the four sides of each plot. Raised boardwalks on concrete blocks across the center 

of the plots (E-W) were placed to provide non-destructive access inside the plots.  

In-season θv measurements for plots were made with the TDR (0 to 0.3 m soil depth) and 

by field-calibrated neutron moisture meters (NMM) [CPN 503, Instrotek, Co., Concord, CA, USA] 

from 0.3 to 2.9 m, in 0.20 m increments. Initial measurements were made on June 1 (DOY 152), 

one month after planting. Thereafter, 26 θv readings for the FT and NT plots were made every 5-7 

days through Oct. 1, 2007 (DOY 274). The θv at planting (DOY 120) for plot replicates were 

estimated from readings made in the same plots at the camelina harvest (DOY 109) by the same 

NMM instruments. No precipitation occurred between DOY 109 and 120. The soil properties for 

plots were obtained in the prior camelina experiment and were provided in Hunsaker et al. (2011). 
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The soil data included soil texture, field capacity (FC), and wilting point (WP) at depths from 0 to 

1.8 m, in 0.30 m increments. The soil type determined for the FT and NT plots at this site was 

mostly sandy clay loam with an exception in the FT2 and FT4 plots being sandy loam. Moreover, 

soil depths from 0.90 to 1.3 m had different soil textures varying between clay, clay loam, sandy 

clay loam, and sandy loam.  

Canopy spectral reflectance factors were collected bi-weekly over all plots (from DOY 152 

to 276). Measurements were made using a 4-waveband Exotech radiometer (Model BX-100; 

Exotech, Inc., Gaithersburg, MD, USA) equipped with 15° field-of-view optics and held in a nadir 

orientation approximately 1.5 to 2.0 m above the soil surface. Data were collected at a morning 

period corresponding to a nominal solar zenith angle of 45°. A total of 24 observations were 

averaged across a 6-m transect along the north edge of the final harvest area (south of the 

boardwalks).  Reflectance factors in the red (0.63-0.69 μm) and near-infrared (NIR, 0.76-0.90 μm) 

wavebands were computed as the ratio of target radiance to time-interpolated values of solar 

irradiance inferred from frequent measurements of a calibrated, 0.6 by 0.6 m, 99% SpectralonTM 

reference panel (Labsphere, Inc., North Sutton, NH, USA). The NDVI was computed as: 

NDVI = (NIR – Red)/ (NIR + Red)       (1) 

where the range of NDVI is from 0 to 1; where 0 represents no live green vegetation and 1 

represents fully covered live green vegetation. Reflectance data obtained when there was cloud 

interference with the direct beam solar insolation or when soils were wet from irrigation or rainfall 

were not used.  

Actual plant populations were determined by counting all viable seedlings that had 

emerged within six, 2-m beds within each plot, as recorded on June 19 (DOY 170). The average 
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measured populations were 9.1 and 9.3 plants m-1 for the FT and NT treatments, respectively.  

Canopy height and cover parameters were obtained every 2-3 weeks through DOY 250 using a 

meter stick in each plot. All FT and NT plots achieved full cover by Aug. 23 (DOY 235).  All 

treatments were terminated with defoliants on DOY 280 making the growing season 160 days 

long. The crop was harvested between DOY 297-299. Final yields were obtained from seed cotton 

that was hand-picked within a final harvest area measuring approximately 24 m2 in the south half 

of each plot and then ginned at the MAC ginning facility.  

Daily weather data for 2007 were provided by The Arizona Meteorological Network (AZMET; 

https://cals.arizona.edu/AZMET/index.html) weather station at MAC, located about 200 m from 

the field site. The AZMET station also provided daily, short-crop reference evapotranspiration 

(ETo) using the standardized FAO-56 equation (Allen et al., 1998). During the 2007 cotton season, 

June, July, and August are the warmest months (Table 2). The highest daily maximum temperature 

recorded was 45.7 °C on July 04, 2007.  July and August received frequent rainfall events with July 

being the wettest month in the growing period with a total of 45 mm of rainfall (Table 2). The drier 

months of May and June have a higher average ETo than in August when the summer monsoon 

season is in full force.  

2.2 Soil Water Balance 

Irrigation scheduling of the FT and NT plot replicates was based on a daily soil water balance 

(SWB) model of the cotton rooting depth (Zr), which estimated root zone depletion (Dr) at the end 

of each day (Eq. 2): 

                            Dr,i = Dr,i-1 - Pi - Ii + ETc,i + DPi                                                                                                                             (2) 
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where Dr,i and Dr,i-1 are the root zone depletion (mm) at the end of day i and day i-1, respectively, 

and Pi, Ii, ETc,i, and DPi are amounts of precipitation, net irrigation depth, crop ET, and deep 

percolation, respectively, on day i, all in units of mm. The values for Ii were the measured irrigation 

depths given to the particular plot replicate. The Pi were provided by the nearby AZMET weather 

station. Daily values of total available water (TAWi) of the daily rooting depth (Zr,i) were calculated 

as: 

                             TAWi = 1000 Zr,i (FC - WP)                                                                                          (3) 

where TAWi is in mm, Zr,i in m, and FC and WP were the soil profile average values determined 

separately for each plot by Hunsaker et al. (2011) in m3 m-3. The limits for Dr,i in Eq. 2 are zero (at 

FC) and TAW (at WP). Since Dr,i cannot be less than zero on a given day i following irrigation and/or 

precipitation, an amount for DPi was computed, when necessary, to balance Eq. 2, if Dr,i was less 

than zero on day i. The Zr,i were increased from an initial value of 0.60 m at planting to a maximum 

of 1.8 m at mid-season. Increase of Zr,i was proportional to the increase from the minimum to 

maximum daily Kcb (Kcb,i), whose estimations are described below. Initiation of the SWB was on the 

day of planting where the initial Dr,i was near WP for plots, based on the soil water content data 

prior to planting (i.e., at camelina harvest).  

The FAO-56 dual crop coefficient procedures (Allen et al., 1998) were employed to 

compute estimated daily ETc (ETc,i) for both the FAO and NDVI treatments (Eq.4): 

  ETc,i = (Kcb,i Ks,i + Ke,i) ETo,i                                                                            (4) 

where Kcb,i and Ke,i are the daily basal crop and evaporation coefficients, respectively, and Ks,i is a 

stress coefficient that introduces the effects of water stress on ETc,i, where Ks,i < 1 when the 

available soil water is insufficient for full ETc, and Ks,i = 1 when there is no soil water limitation. 
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Daily meteorological and ETo,i data were provided by the AZMET weather station at MAC. Daily Kcb 

was estimated for the FT treatment plots using a single, locally developed 4-segment Kcb curve as 

derived by Hunsaker et al. (2005). The parameters describing the Kcb curve for FT are given in Table 

3. For the NT treatment daily Kcb was calculated using prediction equations that express Kcb as a 

function of NDVI. For each NT replicate, after interpolating the NDVI observations over the plot on 

a daily basis (i.e., NDVIi), a daily Kcb was calculated.  The Kcb-NDVI relationships used for the NT 

plots are shown in Table 3.  

The FT and NT treatments were managed to replace ETc,i with I and/or P, while maintaining 

the SWB such that the daily soil water depletion (SWDi, Eq. 5) ≈< 45 %:  

                 SWDi = 100 x [1- (TAWi-Dr,i)/TAWi]                                                                  (5)           

where SWDi is in percent and TAWi and Dr,i are defined. A daily water stress coefficient (Ks,i)  was 

calculated by Eq. 6:  

                Ks,i =  (TAWi - Dr,i)/((1 – p) TAWi)                                                                              (6) 

where Ks,i, TAWi, and Dr,i are as previously defined; and p is the fraction of TAWi that can be 

extracted from the root zone without suffering water stress. The p-value was not adjusted daily 

but was a baseline value of 0.65 for cotton (Allen et al., 1998). 

Daily values of Ke (Ke,i) were estimated following irrigation or precipitation by computing Eq. 

7 (FAO-56, Eq. 7), which requires a daily SWB of the surface soil layer (assumed as 0.1-m in 

thickness).  

                      Ke,i = min [Kr,i (Kcmax,i – Kcb,i), few,i x Kcmax,i]                                                          (7) 

The Kr,i are the daily evaporation reduction coefficients dependent on the daily cumulative 

depth of evaporation (De,i) from the surface layer on day i following complete wetting of the 
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surface. Total evaporable water (TEW) of the surface layer was calculated using the measured FC 

and WP values of the top 0.3-m soil depth for each plot and averaged 18.9±2.2 and 21.2±2.7 mm 

for the FT and NT replicates, respectively. The readily evaporable water (REW) was assumed as 9 

mm for all plots, an estimated value for a sandy clay loam soil (Allen et al., 1998). The Kcmax,i are 

the daily maximum values of Kc,i that can occur following Ii or Pi. Calculation of Kcmax,i requires 

values for daily minimum relative humidity and average wind speed, provided by AZMET, and crop 

height, which was increased from a minimum value of 0.05 m at the initial growth stage to a 

maximum of 1.2 m at mid-season, in proportion to the increase in Kcb,i. from minimum to maximum 

values. The few,i values are the daily fractions of soil, both wetted and exposed.  

The few,i are determined from estimates of daily covered soil fraction (fc,i) and fraction of 

soil wetted (fw,i) by Ii or Pi. The fc,i were increased from a minimum value of 0.0 at the initial stage 

of growth to 0.98 at mid-season, in proportion to the increase in Kcb,i. Note that the periodically 

measured values of crop height and cover were not implemented in the soil evaporation 

calculations. For both irrigation and rain events, the fw,i were set to a value of 1.0, i.e., 100% surface 

soil wetting from the applications. 

Actual (measured) cotton ET was calculated as the residual of the root zone SWB (Eq. 8) for 

periods bounded by two adjacent dates of θv measurements: 

                            ETc act = (Dr,2 - Dr,1) + I + P - DP                                                                             (8) 

where ETc act is the total actual ETc (mm) that occurred in the period from the first (1) to second (2) 

measurement date, Dr,1 and Dr,2 are the measured root zone soil water depletion (mm) on the first 

and second date, respectively. The I, P, and DP, respectively, are total depth of measured irrigation 

(mm), total measured precipitation (>1.5 mm per day), and total deep percolation below the root 
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zone (mm) that occurred during the period. The θv was measured to a 2.9-m depth to allow 

detection of any water percolating below the cotton root depth (maximum of 1.8 m).  When 

irrigation or significant rainfall (>10 mm) occurred between two soil water measurement dates, 

an estimate was made for the amount of DP that may have occurred below the 1.8-m root zone 

following the water input. This estimate was calculated as the summation of the quantity of 

increased soil water storage that occurred from soil layers below 1.8 m:                                                                                                                   

                                        (9) 

where DP is in mm, θ1 and θ2 are the volumetric soil water contents (m3 m-3) before and after the 

wetting event, respectively, for each of the six soil layers in the profile measured below 1.8 m, and 

∆ Si is the thickness (0.20 m) of each soil layer. Positive values by Eq. 9 were added as DP in Eq. 8, 

whereas zero or negative results indicated negligible moisture movement below the root zone, 

and DP was set to zero for those periods. 

2.3 WINDS Irrigation Model Description and Calibration 

Figure 2 is a schematic diagram of the irrigation model and highlights the application of the 

model in research and agriculture management. Descriptions of the WINDS model are in the 

Irrigation and Drainage Engineering textbook (Waller and Yitayew, 2005) and the companion 

article (Maqsood et al., 2021a), which also presents a user guide. This study used the VBA/Excel 

version of WINDS.   

The input data sheets include weather, soil, irrigation, crop, root, and remote sensing data. 

The weather input data includes daily minimum and maximum temperature, relative humidity, 

rainfall duration, rainfall, and reference evapotranspiration (ETo) from the ASCE standardized 
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Penman-Monteith model (Allen et al., 2005). The input data for soil and crop modules include 

lengths of growth stages, date of sowing and harvest, pre-irrigation conditions of the soil, soil type, 

crop height and root depth, crop coefficient, field capacity, wilting point, and saturation water 

content for all layers of the soil profile. In the crop module, a linear growth model is used to 

calculate the daily root growth during the development stage. The ET calculation uses the FAO56 

(Allen et al., 1998) dual evapotranspiration model where the model separates evaporation and 

transpiration. The model derives daily crop coefficients (Kcb) using Kcb-initial, Kcb-mid, and Kcb-end 

for the FAO56 (FT) treatment or remotely sensed Kcb values for the NT treatment. The input data 

for the irrigation module includes irrigation days and irrigation depths during the growing season 

for each plot (Maqsood et al., 2021a). 

The model validation process for this study includes an initial calibration of the model to 

field data and evaluation using water budget, sensitivity analysis, and root mean squared error. It 

is valid to initially calibrate the model to field data since the claim is that the WINDS model can be 

calibrated to field data. Calibration is a test of the model with known input and output information 

that is used to adjust or estimate factors for which data is not available. For the calibration of the 

irrigation model for cotton, the daily simulated water content was compared against the seasonal 

field study NMM readings for each depth of the soil profile. The calibration was done for each 

layer of each treatment and since the soil type varied between the layers, the tipping bucket, as 

well as the Van Genuchten parameters, were adjusted for each layer to improve the accuracy of 

the model.   

The soil sampling of the field was done at 30 cm intervals whereas NMM were done at 20 

cm intervals. For this reason, interpolation was done in the FC and PWP to adjust the values 
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between layers. During the simulations, 20% of the laboratory tested soil data including FC and 

PWP were also adjusted to fit the model. The FT1 experiment needed no adjustment and for NT1 

an dNT2 only PWP were adjusted. The adjustments done only varied between 2 – 6% higher or 

lower than the lab value of that layer. As an example, adjustment of FC for layer 170 cm of FT4 

experiment is shown. 

Moreover, daily ETc calculated by the WINDS model was evaluated for agreement between 

the estimate ETc of the two Kcb approaches, as well as the measured ETc based on the SWB 

calculations. Calibration is also helpful in identifying outliers or mishandled field data. 

2.4 WINDS Model Analysis 

In the WINDS analysis, the soil profile was divided into eight, 20-cm layers, counting from 

the 160 to 180 cm layer (layer 1) sequentially up to the 20 to 40 cm layer (layer 8). The top 0 to 20 

cm layer is the evaporation layer (non-numbered) whose calculations were determined using REW 

and TEW and other soil evaporation parameters, such as those described in section 2.1. Hence, 

the evaporation layer simulation used different calculations than those in the lower layers. 

The 2007 AZMET MAC weather data and the irrigation data for the treatment plot 

replicates (NT and FT treatments only) for the 2007 cotton field study were entered in the WINDS 

weather and irrigation modules, respectively.  The soil data for layers (texture, FC, and WP) and 

the REW and TEW for the evaporation layer that was measured for each treatment plot were 

entered in the WINDS soil input dataset. The WINDS ETc calculations use the standardized FAO-

56 dual Kc methods, where the user defines the time-scales of the four growth stages (initial, 

development, mid-season, and late-season).  For the WINDS model, the growth stages provided 

in Table 3 for the FT treatment were used with the exception that the late-season stage was 
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extended five days to match the actual season length of 160 days.  For all plots in WINDS, the initial 

and end-of-season Kcb values were those provided for cotton in FAO-56 table 17, which are 0.15 

and 0.50, respectively. The mid-season standard climate Kcb of 1.15 in FAO-56 was adjusted in 

WINDS to the mid-season climate at MAC.   

2.5 Sensitivity Analysis 

Sensitivity analysis is a validation step performed to depict if there is an effect of the Van 

Genuchten water characteristics curve parameters on daily simulated soil water content. The 

sensitivity analysis compared the sensitivity of the Richards’ equation parameters (Van 

Genuchten) and tipping bucket parameters (FC and PWP).  

Scenario 1: Model was run changing values of Van-Genuchten parameters discretely from sandy 

loam soil to two extremes of the soil classification; sand and clay, while the tipping bucket 

parameters were kept the same as that of sandy loam.  

Scenario 2: Model was run changing FC and PWP from the values for sandy loam soil to sand and 

clay while keeping the Van Genuchten parameters values of sandy loam. Table 4 shows the values 

and their sources for each parameter. 

3. Results and Discussion 

3.1 Field Study Results 

The estimated Kcb data for the FT treatment was the same for all replicates, while the Kcb 

for NT replicates varied primarily only at the end of the season (Table 5). The average initial (0.15 

to 0.152) and mid-season (1.20 to 1.22) estimates for Kcb were similar for the two treatments.  

The mid-season Kcb using the FAO-56 standard 1.15 value adjusted to the local climate was 1.21, 

or essentially the same as those used in the treatment plot irrigation scheduling. However, while 
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the end of season Kcb was 0.51 for FT, the estimated end of season values for NT plots varied from 

0.18 to 0.38 with an average of 0.28. The variation in the total estimated seasonal ETc for the FT 

replicates (Table 5) was due to a combination of the differences in soil evaporation losses 

(different TEW) and reduced ETc due to soil water stress (different TAW). This was essentially true 

for the differences in estimated ETc of the NT replicates, except with some additional, though 

slight, variation in estimated Kcb due to NDVI variation.   

Table 5 also shows the treatment replicate variation of measured maximum crop height, 

total irrigation applied, measured ETc, and lint yield (LY) for both Kcb methods. The differences in 

total irrigation applied to treatment replicate occurred primarily during the first week following 

planting to establish the crop. At that time, irrigation amounts varied in plots according to that 

needed to satisfactorily “sub” the furrow irrigation water to the seedbed. Average total irrigation 

amounts between the FT and NT treatments were essentially equal (960 to 967 mm). Similarly, 

the average measured total ETc was found to be the same for the NT and FT treatments (988 to 

990 mm). The average measured total ETc was 35 to 48 mm higher than estimated for the NT and 

FT, respectively. There was a higher variation in total measured ETc among the replicates of a given 

treatment. Some differences were related to deep percolation, e.g, the lowest ETc of the NT was 

in NT3, which had 40 mm of DP plot compared to 28 mm in NT1.  

The average treatment LYs were ≈1940 kg ha-1.  At the replicate scale, there were no 

obvious relationships between the final LY and irrigation or water use differences. The total ETc 

and LY for the 2007 study compared favorably with other cotton studies in the immediate area for 

fully-irrigated cotton under typical density populations. In studies by Hunsaker et al. (1998), 
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Hunsaker et al. (2005), Hunsaker et al. (2015), Thorp et al. (2017), and Hunsaker and Bronson 

(2021), total measured ETc varied from 940 to 1060 mm, and final lint yield from 1500 to 2200 kg 

ha-1. The field results for 2007 show that both Kcb methods were similar in irrigation, ETc, and 

yield parameters and are representative of well-managed cotton production in this arid climate.  

The general soil type for treatment plots is given in Table 6, which varied from sandy loam 

to sandy clay loam. A more detailed depiction of soil layer texture for each plot is provided in fig. 

3. As for the irrigation, ETc measures, there is not an obvious correlation between a particular soil 

type and the LY. 

3.2 Model Calibration Results 

The model was calibrated against field study soil water content data where the simulated 

daily water contents were adjusted to bring them in proximity to the NMM reading dates. The 

calibration process included adjustments for some layers for the initial water content, saturated 

water content, and total available water (TAW) of the soil profile.  Figure 4 illustrates the graphical 

output for a modeled plot replicate from the soil water content worksheet of the model. The 

graphical output provides water content information for each layer individually.  

The calibration results showed good agreement with measured soil water content in the 

root zone (20-180 cm), as shown in Figs. 5 and 6 for FT and NT plot replicates, respectively. The 

figures also show the model effectively simulated each soil water content peaks due to irrigation 

and rainfall events during the growing season. The downward flow movement of the water can be 

observed with the temporal delay and declined peak water content at the lower layers. 
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For the soil data adjustment, Figure 7 shows NMM and modeled soil moisture content for 

FT4 experiment at 170cm depth. Figure 7a is the soil moisture simulation with the lab tested values 

~ 23.50 % whereas, Figure 7b shows that reducing the FC to 17.5% made a better fit with the 

NMM.  

Given the variation in the soil type between the layers, the model performed well for the 

fluctuating downward movement dynamics. Layers with higher clayey content held more moisture 

compared to layers with more sandy content. Moreover, the water content in the upper layers 

shows more temporal variation as compared to the lower layers that are not fluctuating much 

throughout the growing period. This highlights the activity in the root zone and the model’s 

capability in simulating changes each day.  

The Root Mean Square Error (RMSE) was calculated for the differences between the 

measured and simulated soil water contents for each soil layer. The average RMSE of 0.026 and 

0.028 m3 m-3 for the FT and NT treatments, respectively, overall layers for each replicate showed 

that the model fits very well with the field measurements (Table 7).   

The WINDS model also calculated the daily ETc, daily E, and daily T for the growing season. 

From Figure 8, during the initial stage (DOY 122-152), soil evaporation is primarily the ETc, while 

beyond DOY 152, the ETc is controlled mostly by the transpiration process as the crop develops. 

It is observed that the model tracked the irrigation and rainfall events by increasing the crop 

evapotranspiration for several days following those events.  

Validation of the WINDS ETc model was based on a comparison with the ETc act (Eq. 8) 

calculated for the ≈weekly dates between adjacent NMM reading dates for FT2. The modeled ETc 
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was also calculated over those same intervals. The results show an overall seasonal difference of 

8% (Figure 9) where modeled ETc for the mid and late growing stages (from DOY 200 to 275) 

agreed exceptionally well. While some close agreement occurred for some intervals during the 

initial and development stage, prior to DOY 200, the model generally predicted lower ETc when 

soil evaporation was highest during the season. Because the daily ETc is such a critical component 

needed in determining the crop water requirements during the growing period, improvement in 

the WINDS ETc model estimation is warranted.  

The results from sensitivity analysis for the FT2 show that Van Genuchten's parameters 

were insensitive in the model. Diverting from sandy loam soil parameters, the difference was only 

a 0.1% increase for sand and a 1.6% decrease for clay. Whereas, when the parameters in the 

tipping bucket model were altered, the results were drastically unusual. Figure 10 illustrates the 

mismatch between NMM readings and resultant water content for the layer if altering tipping 

bucket parameters are to be used for each soil type. Figure 10a shows fast-draining as the water 

content suddenly drops from field capacity to an unusually lower level.  On the contrary, Figure 

10b shows that with clay, there is low drainage not making the water content be in the range of 

NMM readings. The variation in the results for each scenario is shown in Figure 11 where results 

from scenario 1 are well-matched with the sandy loam water content but scenario 2 is distinctly 

higher and lower.  

In summary, this sensitivity analysis showed that with the sandy loam soil (or sandy clay 

loam at other depth intervals), the simulated results were not affected by the Van Genuchten 

parameters. This validation is significant as the parameters were not estimated in the field and 
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using them in the model between the water intake events does not provide any falsification in the 

results. 

4. Conclusions 

This study calibrated the WINDS model for two Kcb methods of well-watered cotton field 

data. One method was to calculate Kcb from FAO-56 equations and the second method used 

remotely sensed NDVI values to estimate Kcb. Results showed that both the methods produced 

similar total ETc and lint yield. This study also showed that there is potential to explore the remote 

sensing approach for data collection as it could be more efficient in attaining detailed and precise 

Kcb data than a standard cotton Kcb curve. The calibration of the WINDS to simulate the actual 

soil water content in the cotton field was robust, providing good agreement in all plots for layers 

below the surface evaporation layer. The model detected irrigation and rainfall events that were 

closely reflected by the profile changes in the soil water content variations. The performance of 

the WINDS simulation of the cotton crop evapotranspiration was found to work particularly well 

during mid-season and beyond in this arid region. While some improvement to the soil 

evaporation component would be a useful step, the overall agreement of the modeled ETc with 

field data gives evidence of the WINDS potential in providing improved surface irrigation 

management support to cotton growers.   Layer-based simulations showed the precision of the 

model changing soil types between layers.  The sensitivity analysis of the WINDS model showed 

that the tipping bucket – Richards’ equation algorithm used in this simulation was insensitive to 

the Van Genuchten parameters.   
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List of Tables 

Table 1.  Summary of treatments and plot numbers for cotton 2007 experiment. Numbers (1-4) in 
treatment ID denote the replicate. 

Treatment Plot number in the field Treatment ID 

FAO-method typical 

12 FT1 

25 FT2 

34 FT3 

46 FT4 

NDVI-method typical 

24 NT1 

26 NT2 

31 NT3 

36 NT4 
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Table 2. Daily average weather parameters by month and cumulative monthly rainfall and 
reference evapotranspiration (ETo) at Maricopa, Arizona, for the growing period of cotton in 2007. 

Month Max 

Temperature 

(°C) 

Min 

Temperature 

(°C) 

 

Rainfall  

(mm) 

 

ETo 

(mm) 

Wind Speed  

2 m height 

(m/s) 

May 35.5 16.9 0.0 245.5 2.1 

June 40.4 21.0 0.0 265.3 2.1 

July 40.4 25.4 45.0 244.4 2.2 

August 40.1 25.6 9.7 210.1 1.7 

September 37.5 20.4 2.3 185.9 1.9 

Total growing 

period 

37.7 20.3 60.0 1151 2.0 
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Table 3. Parameters describing the FAO-56 basal crop coefficient (Kcb) curve and the NDVI-based 

Kcb used in irrigation scheduling for the 2007 cotton experiment in Maricopa, Arizona. 

Growth stage Day of year 

Growth 

stage length 

(days) 

Estimated Kcb Estimated crop ET (mm) 

FAO‐56 NDVI 

 

FAO‐56a 

 

NDVIa 

Initial stage 122‐151 30 0.15 0.16 95.8±4.9 103.7±7.3 

Development 152‐203 52 0.17‐1.18 0.28‐1.16 362.3±3.1 359.3±15.5 

Mid‐season 204‐253 50 1.20 1.21 400.7±2.7 399.4±1.2 

Late season 254‐276 23 1.17‐0.51 1.20‐0.26 83.1±15.8 91.3±1.3 

Total 122‐276 155  941.8±24.5 953.8±12.1 

 
NDVI‐based Kcb criteria 

Growth stage Kcb‐NDVI relationship[b] 

Initial through mid‐season Kcb = ‐ 0.21 + 5.0*NDVI  ‐ 12.2*NDVI^2 + 14.9*NDVI^3  ‐ 6.2*NDVI^4 

Late season Kcb = ‐125 + 498*NDVI  ‐ 662*NDVI^2 + 294*NDVI^3 

 

[a] Average plus and minus one standard deviation for the four replicates in the treatment. 

[b] From Hunsaker et al. (2005). 
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Table 4. Values of Van Genuchten and tipping bucket parameters for three soil types used in the 
model validation. 

Van-Genuchten parameters 

 Sand a Sandy loam b Clay b 

α (m-1) 14.5 7.5 0.8 

N (dimensionless) 2.6 1.89 1.09 

θr (%) 4.5 6.5 6.8 

Ksat (m/day) 7.128 1.061 0.038 

L (dimensionless) 0.5 0.5 0.5 

Tipping bucket parameters 

 Sand a Sandy loam c Clay c 

Field Capacity (%) 10 18.2 25.75 

Wilting point (%) 4 10.2 19.25 

a values extracted from Table 8.3 from Bonan (2019), 

b values estimated by the Rosetta model, and 

C values from the field measurements  
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Table 5. Estimated treatment plot Kcb for initial, mid-season, and end of season growth stages and 
estimated total crop evapotranspiration (ETc) through Oct. 1 (DOY 274); measured maximum crop 
height, total irrigation, ETc, and lint Yield (LY) for 2007 cotton experiment. The numbers in bold 
for the replicates in a treatment represent the highest value of a parameter and italic represents 
the lowest value. 

Treatment 

Kcb Est. ETc 

(mm) 

Crop 

Height 

(m) 

Irrigation 

(mm) 

Meas. 

ETc 

(mm) 

LY 

(kg/ha) 
Initial Mid End 

FT-1 0.150 1.20 0.51 936 1.16 953 988 1957 

FT-2 0.150 1.20 0.51 910 1.23 928 977 2016 

FT-3 0.150 1.20 0.51 955 1.19 988 1012 1876 

FT-4 0.150 1.20 0.51 966 1.29 972 981 1876 

FT avg 0.150 1.20 0.51 942 1.22 960 990 1931 

NT-1 0.152 1.22 0.30 961 1.19 971 1007 1947 

NT-2 0.152 1.21 0.18 937 1.30 954 974 2040 

NT-3 0.152 1.21 0.38 964 1.06 976 961 1972 

NT-4 0.152 1.21 0.27 953 1.12 969 1009 1851 

NT avg 0.152 1.216 0.28 954 1.17 967 988 1953 
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Table 6. Predominate soil type for sol layers of the FT and NT treatment plots in 2007 at Maricopa, 
Arizona. 

Treatment name Plot code Soil type 

FT Replicate 1 FT-1 Sandy clay loam 

FT Replicate 2 FT-2 Sandy loam 

FT Replicate 3 FT-3 Sandy clay loam 

FT Replicate 4 FT-4 Sandy clay loam 

NT Replicate 1 NT-1 Sandy clay loam 

NT Replicate 2 NT-2 Sandy loam 

NT Replicate 3 NT-3 Sandy clay loam 

NT Replicate 4 NT-4 Sandy loam 
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Table 7. Root Mean Square Error (RMSE) between measured and simulated soil water content (m3 
m-3) for all replicates of FAO and NDVI typical density treatments. 

Test 
Kcb 

method 
Replicate 1 Replicate 2 Replicate 3 Replicate 4 Average 

RMSE 
FAO 0.022 0.026 0.026 0.032 0.026 

NDVI 0.025 0.032 0.029 0.029 0.028 

 

List of Figures 

 

 

Figure 1: Layout of the field experiment showing plots for treatments (FT and NT) and the 
replicates under study. 
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Figure 2: Schematic diagram of the WINDS model. 
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Fig. 3A 

 

Fig. 3B 

  

Fig. 3C 

  



 

120 
 

 

Figure 3: Schematic diagram of the soil layers for each plot representing soil types in each layer. 

Fig. 3A) shows the field layout showing plots under study. Fig. 3B) cross-sections A and B that are 

the first two rows in the field layout. Fig 3C) cross-sections C and D that are the last two rows of 

the field layout. The diagram shows the soil profiles of the plots in the cross-sections C and D. 

 

 

Figure 4: Screenshot from the WINDS model showing graphical soil water content results for soil 

layers for a replicate in the 2007 cotton experiment in Maricopa, Arizona. 
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Figure 5: Calibrated layer-based daily simulated water content vs neutron moisture meter 
measurements for the FAO-method.   
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Figure 6: Calibrated layer-based daily simulated water content vs neutron moisture meter 
measurements for NDVI-method. 

 

 

Figure 7: Adjustment of lab tested FC for layer 170 cm of FT4. 7a) soil moisture content modeled 
graph for lab tested value of FC showing mismatch between simulated and NMM readings. 7b) 
soil moisture content for adjusted FC showing good fit between simulated and NMM readings. 
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Figure 8: Modeled generated ETc for the cotton 2007 growing season. The components 
Evaporation (E) and Transpiration (T) are also distinguished. 

 

Figure 9: Measured (ETc act) and modeled ETc comparison between neutron moisture meter 
measurement intervals for FT2 of cotton 2007 experiment. 
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(a)                                                                                    (b) 

Figure 10: Illustration of sensitivity analysis of FT2 experiment. 10a) Difference between neutron 
readings and daily simulated soil moisture using tipping bucket parameters for sand for the sandy 
loam soil. 10b) Difference between neutron readings and daily simulated soil moisture using 
tipping bucket parameters for clay for the sandy loam soil.  
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Figure 11. Difference of daily water content between sandy loam parameters and scenarios 1 and 
scenario 2 of sensitivity analysis. The changes in VG parameters do not deviate from the sandy 
loam water content, whereas change in tipping bucket parameters show high magnitude of 
variation at each extreme.  
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Abstract 

Deficit irrigation experiments evaluate the effect of soil moisture content on crop stress and yield. 

These experiments generally require extensive plant and soil measurements to generate a 

sufficient data set to calibrate a crop growth model; however, lack of resources for field 

experiments often lead to limited soil moisture datasets and possibly inaccurate estimates of 

infiltration and other agronomic parameters. There is also variability in field studies due to spatial 

variation in soil, irrigation application, or other factors that can lead to inaccurate representations 

of soil moisture status. Modeling can help identify inconsistencies in experimental data and fill 

gaps between infrequent data points. The WINDS (Water-use, Irrigation, Nitrogen, Drainage, and 

Salinity) soil water balance model has been shown to provide accurate simulations of moisture 

content in soil layers in irrigated agriculture. In this study, the WINDS simulation was used to adjust 

and augment the datasets for a guar deficit irrigation experiment in Clovis, New Mexico, where 

experiments were conducted for two years (2018 and 2020). The goal was to simulate the guar 
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full and deficit experiments for soil moisture and ET and to provide an input dataset of guar for 

the AquaCrop crop growth model. During 2018 and 2020, the field experiment had 3 factors in a 

randomized block design. The first factor included two pre-irrigation conditions, where half the 

field was irrigated before sowing and the other half was not. The second factor included four 

irrigation treatments: full irrigation, stress at the vegetative stage, stress at the reproductive stage, 

and rainfed. Each treatment has four replicates. The third factor included two cultivars, Kinman 

and Monument, but this present paper only evaluated the Kinman treatments. In the experiment, 

the second replicate (R2) for the 2018 Kinman, having pre-irrigation and full seasonal irrigation 

treatment, had more extensive neutron probe measurements of soil water content than the other 

plots. Thus, in the first phase of the paper, the R2 was evaluated with the WINDS model to 

parameterize the soil properties including field capacity and permanent wilting point, assess the 

partition between rainfall and runoff, and detect possible irregularities in neutron probe 

measurements. In the second phase, the other irrigation treatments in 2018 and 2020 were 

simulated with the WINDS model and compared with neutron probe measurements. The 

simulated soil moisture with the WINDS model showed agreement with neutron probe 

measurements.  

Keywords 

Irrigation, modeling, soil moisture content, calibration, crop evapotranspiration 

1. Introduction 

Drought caused by global warming is decreasing water availability in the southwestern US where 

water resources are already limited. The Southern High Plains in the US are experiencing a gradual 
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decline in water availability in conjunction with temperature increase (Singh, 2020). In this region, 

there is a need for alternative low water-use crops. A team of seven institutes, including the 

University of Arizona, and funded by United States Department of Agriculture (USDA), National 

Institute of Food and Agriculture (NIFA) developed the Sustainable Bioeconomy for Arid Regions 

(SBAR) Center of Excellence in September 2017, with a vision to improve the development and 

production of two low water-use industrial crops, guar and guayule in AZ, CA, NM, and TX (“Our 

Story”; https://sbar.arizona.edu).  

Crop growth models rely on deficit irrigation experiments to develop equations for plant 

growth as a function of water stress. Experiments monitor plant and soil moisture status, irrigation 

depth and timing, storm infiltration and runoff, and subsurface drainage. These measurements 

are labor intensive and subject to error; however, modern tools such as remote sensing, ground-

based sensors, national weather databases, and irrigation models can cross-check and augment 

the data. This research calibrates the WINDS (Water-use, Irrigation, Nitrogen, Drainage, and 

Salinity) model with a frequently sampled plot in order to fill in the gaps in infrequently sampled 

treatments.  

Guar (Cyamopsis tetragonoloba) is a drought-tolerant annual legume grown in summers 

with a deep taproot system, favorable for growth in arid and semi-arid regions. The origin of the 

crop is believed to be the Indo-Pakistan region, which has 80% of the world’s current production 

(Singla et al., 2016). This is a low-risk, low-income crop that has many uses, including 

galactomannan gum in the U.S. (Thakur et al., 2018; Thombare et al., 2018), and green manure, 

cattle feed, and a vegetable for humans in the Indo-Pakistan region. It is also an excellent crop 
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rotation soil improvement alternative (Ray and Livingston, 1986). With limited moisture in the soil, 

it faces delays in maturity but does not die (Sortino and Gresta, 2007). 

Multiple guar experiments have been conducted that determined morphological 

characteristics, plant productivity, seed yield, genomes, and industrial applications (Gresta et al., 

2017, Gresta et al., 2018). Some studies showed that for some crops reducing water application 

at some growth stages may not lead to a significant decrease in yield. (Singla et al., 2016; Katuwal 

et al., 2018). Other studies evaluated water stress and the economic impacts of guar production 

in the Southwest (Khanal, 2020; Singh, 2020). Add Alexander et al and Erie et al. data on irrigation 

and ETc of guar in central Arizona. Further research is needed on guar crop coefficients and the 

effects of moisture stress on crop growth. 

Models are computational representations of phenomena. Agricultural soils are complex 

systems at the crop-soil-water nexus. Processes that influence soil moisture include weather, soil 

characteristics, rainfall, irrigation, water flux, evaporation, crop and root growth, and crop and 

water uptake. The WINDS soil water balance model simulates these processes.  

Crop growth models can be divided into models that simulate processes in biomass growth 

(CERES-maize, EPIC, GOSSYM, and SUCROS) and models that are useful for simulating the effects 

of irrigation on crop growth, such as Aquacrop and CROPWAT (Cavaro et al., 2000). Cavaro et al. 

(2000) simulated maize yield in a deficit irrigation experiment with CROPWAT and EPICphase and 

found that EPICphase was in general, a better simulation tool and that CROPWAT overestimated 

ET. Smith et al. (2002) evaluated the use of CROPWAT in deficit irrigation studies and found that 

CROPWAT could predict the effects of deficit irrigation on crop yield. 
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A water productivity model, AquaCrop, (Steduto et al., 2009, Raes et al., 2009) uses daily 

time steps and multiple soil layers, as well as the FAO56 crop evapotranspiration (ETc) algorithms 

(Allen et al., 1998), to predict water use efficiency, biomass productivity, and crop yield as a 

function of water and fertilizer stress. Abedinpour et al. (2012) calibrated and validated AquaCrop 

in a deficit irrigation and fertilizer stress experiment for the growth of corn near New Delhi, India. 

Heng et al. (2009) used Aquacrop to compare corn grown in three different climates. Aquacrop 

performed adequately in all climates but had difficulty predicting yield for water stress during crop 

senescence. Garcia-Vila et al (2009) used Aquacrop to optimize deficit irrigation of cotton in Spain. 

Masasi et al. (2020) evaluated cotton growth at two sites with Aquacrop and determined that 

suboptimal heat units were a stronger predictor of cotton yield than water stress. Similarly, guar 

yields are generally low in Clovis, NM, which has limited heat units. The ultimate goal of the WINDS 

evaluation of this guar deficit irrigation study is to prepare an input dataset for Aquacrop, which 

will be used to quantify the effect of deficit irrigation on guar yield in Clovis, NM. 

Jin et al. (2020a) parameterized AquaCrop with remote sensing data and conducted a 

parameter sensitivity analysis of AquaCrop (Jin et al., 2020b). Guo et al. (2020) conducted 

sensitivity and uncertainty analysis for AquaCrop prediction of maize yield for different fertilizer 

and irrigation scenarios. Drone flights were conducted in the guar study in order to provide data 

on canopy coverage during the season, an output of the AquaCrop model. 

Many studies have calculated ETc and crop coefficients with a soil water balance (SWB) 

using volumetric soil water content (SWC) measured by a neutron probe (NP). Evett et al. (1993) 

and Evett et al. (2012) conducted SWB studies with NP to estimate ETc. Vera et al. (2009) used a 



 

133 
 

soil water balance approach to evaluate capacitance sensors and NP measurements. Garrido-

Rubio et al. (2020) conducted a regional scale water balance using remote sensing and the FAO56 

dual crop coefficient. Carriho and Cuenca (1992) reported large variations in estimated ETc for 

different NP locations in an alfalfa field. They found that smaller distances between measurement 

depths and repeated measurements at each layer decreased variability. Raghuwanshi and 

Wallender (1997) measured ETc of Yolano pink beans with NP measurements and found 

decreased ETc with distance down a furrow irrigated field. They also found that measured ETc with 

NP was 20% less than production function ETc. Fadl (2008) found erratic ETc patterns in an 

agricultural field with daily NP measurements and attributed the variance to redistribution of 

water and formation of cracks. Jara et al (1998) used the Bowen ratio, sap flow gauges, and NP 

measurements to measure ETc. They also measured evaporation with microlysimeters. Sap flow 

gauges had lower ETc than the Bowen ratio estimates. Flerchinger and Seyfried (2013) measured 

ETc from a rangeland catchment with neutron probes, time domain reflectometry, and eddy 

covariance systems. 

Various studies are now applying remote sensing techniques in estimating and mapping 

agricultural parameters to improve crop-water nexus (Hunsaker et al., 2005; Kothari et al., 2019). 

As crop coefficients are one of the challenging parameters, researchers have also worked on 

developing models to estimate Kcb using vegetation indices. Modification to a general equation 

has been adapted by Zhang et al., (2019), Pôças et al., (2015), and Singh et al., (2013). 
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WINDS (Water-use, Irrigation, Nitrogen, Drainage, and Salinity) is soil water balance simulation 

model introduced by (Waller and Yitayew, 2015). Maqsood et al. (2021a) provided a detailed 

report on the methodologies and algorithms used in WINDS. The model incorporates weather, soil 

characteristics, rainfall, and irrigation data and computes daily SWB components of soil water flux 

and evaporation, crop and root growth, and crop and water uptake. Maqsood et al. (2021b) 

calibrated a cotton model for WINDS and showed its unique ability to accurately model SWC in 

soil layers compared to measured SWC, obtained by  a NP .  In this study, WINDS simulation was 

used to investigate guar SWB estimated by NP data in irrigation experiments conducted in 2018 

and 2020 at Clovis, NM. Experiments included full and deficit irrigation treatments. The approach 

was to 1) evaluate NP measurements in the full irrigation treatment, 2) partition rainfall and runoff 

based on storm intensity and NP measurements in the full irrigation treatment, 3) evaluate 

seasonal crop coefficients for treatments, and 4) simulate SWC in soil layers for 7 deficit irrigation 

treatments (3 from 2018 and 4 from 2020). Primary objectives were to 1) enable WINDS to 

simulate deficit-irrigated guar, 2) detect and correct erroneous NP data, 3) fill SWC gaps between 

infrequent NP measurements, and 4) provide a guar dataset that can be used as input to the 

AquaCrop model for assessing the effects of deficit irrigation on guar yield in the Southwestern 

US. 

2.  Materials and Methods 

2.1 Field and Experiment Description 

The guar field experiment was conducted in 2018 and 2020 at the New Mexico State 

University (NMSU), Agriculture Science Center (ASC) in Clovis, New Mexico, USA, at 34°24’45” N 

and 103°12’17” W at an elevation of 1309 m. The weather data for the experimental years at Clovis 
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were obtained from a ZiaMet agriculture weather station, located in a nearby agriculture field at 

the ASC (Figure 1). Clovis is a semi-arid region with high winds and low humidity; however, there 

are occasional high extreme summer temperatures and frequent low extreme winter 

temperatures with an average annual rainfall of 18.5 inches (470 mm) (ZiaMet, accessed in 2018). 

The station records daily weather data including temperature, humidity, wind speed, rainfall, and 

solar radiation. Daily reference Evapotranspiration (ETo) was calculated using the ASCE 

standardized Penman-Monteith equation (Allen et al., 1998; Allen et al., 2005). Average monthly 

weather and ETo data are shown for the two guar growing seasons in Table 1. The weather 

database of the National Oceanic Atmospheric Administration (NOAA) was compared with the 

local weather station data. Weather was accessed at NOAA’s National Center for Environmental 

Information (NCEI) portal for the years 2018 and 2020 (https://www.ncdc.noaa.gov/cdo-web/).  

The guar field was irrigated using an automated center-pivot sprinkler system. The 

experiment covered a 16187.4 m2 (4-acre) wedge-shaped section that extended the radius of the 

circular field (Figure 2). The plots were designed using a split-split, Randomized Complete Block 

Design (RCBD) with 3 factors. The 3 factors were pre-sowing irrigation conditions, in-season water-

stress treatments, and cultivar types. 

The first factor included 2 conditions, 

• Pre-Irrigation (PI) condition, where 127 mm (5 inches) of water was given to the field 

before sowing, and 

• No Pre-Irrigation (NPI) condition, where no water was given to the field before sowing. 
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The second factor included four in-season irrigation treatments including full irrigation (F), 

imposed water stress during the vegetative stage (Vst), imposed water stress during the 

reproductive stage (Rst), and rainfed (R). The third factor included two different guar cultivars: 

Kinman and Monument. Each factor was replicated four times and coded as R1, R2, R3, and R4. 

The size of each replicate plot was 9.1 m × 2.3 m. Figure 3 shows four section/replicates of the 

wedge where each section/replicate is first divided into pre-irrigation conditions, and the four 

irrigation treatments are within each block of the pre-irrigation condition. There are buffer zones 

in between each treatment to keep out any overlap between the treatments. The Monument 

treatments planted in each plot replicate were not evaluated in this research.  

The soil is Olton clay loam. It is a well-drained, slowly permeable soil in the Southern High 

Plains of western Texas and eastern New Mexico. The soil is 35 to 50% silicate clay (Unger and 

Pringle, 1998) with a soil pH of 7.9 and organic matter of 1.7% (Katuwal et al., 2018). In-field soil 

water content (SWC) data were collected using a field-soil calibrated neutron probe, which is a 

radioactive material device effective for measuring soil moisture for deep-layered soils. Based on 

NP reading depths, the soil profile in the WINDS model was divided into 7 layers with 20 cm 

intervals, covering a total of 140 cm of depth. The evaporation layer was defined as the top 10 cm.  

The guar seasons were 136 days and 141 days for 2018 and 2020, respectively (Table 2). For 

this experiment, a total of 14 and 8 NP readings were taken for the F irrigation treatments over 

the growing seasons of 2018 to 2020, respectively. Neutron probe readings for the two stressed 

treatments were measured 6 and 8 times over the growing seasons of 2018 and 2020, 

respectively.  
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The irrigation schedules for the two seasons are in Table 3. The table also shows the days of 

the year of the stress treatments, which are indicated by zeros.  

2.2 Initial WINDS Model Parameterization 

The WINDS model (Waller and Yitayew, 2015, Maqsood et al., 2021a, and Maqsood et al., 

2021b) is a daily time step soil water balance model. In this study, field capacity, permanent wilting 

point, and initial water content were parameterized for each soil layer using observed soil 

moisture contents in layers measured at the beginning of the season, after pre-irrigation, and after 

the dry-down period at the end of the season, respectively. Based on the clay loam soil texture, 

the hydraulic conductivity was set at 3 cm/day. The Van Genuchten soil parameters for each layer 

were specified with the Rosetta model (Schaap et al., 2001) based on observed field capacity and 

permanent wilting point. The irrigation system was center-pivot sprinkler irrigation, so the fraction 

wetted in the horizontal direction was 1.0 and all irrigation water was added to the upper layer. 

The basal crop coefficient (Kcb) was determined based on SWB calculations for periods between 

NP measurements. The Kcb values were also checked with NDVI measurements (described later). 

The WINDS model has two tipping bucket modules, one for fields that drain to field capacity in one 

day, and another for fields that require several days to reach field capacity. Because the soil is clay 

loam, the second tipping bucket module was used.  

1. Daily weather parameters were collected from NM Climate Center and formatted for the 

WINDS model. Daily ETo was calculated using the ASCE standardized Penman-Monteith 

equation (Allen et al., 2005) and added to the weather datasheet.  

2. Irrigation datasheets and neutron probe datasheets were prepared for 2018 and 2020, 

separately. 
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3. Soil parameters used were default parameters for clay loam soil.  

4. The plant-specific characteristics including Day of Year (DOY) for sowing and harvesting. 

The root depth and crop height were obtained from the literature.  

5. For the basal crop coefficient, the initial, mid, and end Kcb values of legume (dry) were 

taken from Table 11 in the FAO56 paper. The Kcb values from FAO56 were adjusted for the 

Clovis weather using equation 70 of FAO56 paper (Allen et al., 1998).  

2.3 Water Balance Analysis of Neutron Probe Readings and Infiltration from Storms 

This research included two phases: first, model parameterization, detection, and 

adjustment of the erroneous soils and weather data, and second, simulation of guar irrigation 

experiment treatments with the adjusted data.  

When initially simulating the experiments, the modeled soil moisture did not show 

agreement with the observed NP readings. An evaluation of the volume balance revealed that the 

problem was that NP readings were showing increases in SWC without rainfall or irrigation events, 

and there was excessive infiltration from some storms.  

To evaluate the input datasets, a SWB was calculated between the intervals of NP 

measurements. The sum of water depths in all layers at each NP reading day, average simulated 

ETc, water intake (irrigation and rainfall events), and ETo for each interval were calculated. In 

theory, the left side of equation 1 should equal the right side of equation 1. 

∆ (Irrigation + rainfall) – ∆ soil moisture content = ∆ ET   (1) 

where, 

∆ = the change in the parameters at the interval 
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If the two sides of the water balance equation did not agree, the following steps were taken to 

evaluate the data.  

• Determination of field capacity and permanent wilting point with neutron probe 

readings and first WINDS model simulation. 

• Checking weather data against NOAA weather to validate the Ziamet dataset. 

• Determination of ETc with assumed Kcb and reference ETo. 

• Simulation of seasonal water use and expected soil moisture changes with neutron 

probe changes. 

• Check input irrigation and weather input data with WINDS water balance. Assess 

potential from thunderstorms and possible adjustment infiltration partition. 

• Check standard counts of possible erroneous neutron probe readings vs. average 

standard counts during the season. If not the same, and water balance is obviously 

incorrect, then set standard counts equal to average standard counts.  

In this way, multiple data streams and the model results were combined in the analysis to detect 

errors and obtain a realistic dataset. The results from the 2018 Kinman PI full irrigation analysis 

were applied to other treatments. A few other minor adjustments were needed for the stressed 

treatments. 

Daily rainfall data from NMSU and the National Oceanic and Atmospheric Administration 

(NOAA) were compared. Table 4 shows the difference in rainfall between the two sources for 2018 

and 2020 where NOAA’s data showed higher rainfall for both years. Using the NOAA dataset, 

possible glitches in the daily NMSU rainfall data were adjusted against the water budget. 
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2.4 Final WINDS Model Adjusted Parameterization 

For the second phase, the adjusted dataset was used to simulate the daily soil moisture for 

the experiments.  

1. Adjusted infiltration days of precipitation were used.   

2. Adjusted neutron probe readings were used. 

3. Field capacity and permanent wilting point were estimated based on observed neutron 

probe readings for each layer; these values were then used in the Rosetta model to 

estimate the Van Genuchten parameters 

4. For crop coefficient (Kcb), the initial, mid, and end Kcb values were taken from the water 

balance. 

2.5 Remote Sensing (RS) Calculation of Kcb 

A cross check on the generated Kcb curves can be provided by remote sensing. In this 

research, a Micasense Red Edge camera was mounted on a drone to capture the vegetation 

imagery over the guar field. For 2020, five flights were conducted throughout the season. The 

remote sensing data were used to calculate Normalized Differential Vegetation Index (NDVI) which 

is a parameter to detect live vegetation (add the NDVI reference). The range of NDVI is from 0 to 

1 where 0 represents no live green vegetation and 1 represents fully covered live green vegetation. 

For this study, the equation of Zhang (Eq. 3) was used to calculate Kcb from limited NDVI values 

from the mid-season. 

 Kcb = Kcbmax × (1 ‐  (NDVImax ‐ NDVI)/(NDVI max ‐ NDVI min))     (3) 

where, 

Kcb = basal crop coefficient 
Kcb max = basal crop coefficient at effective full ground cover 
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NDVI min, NDVI max = minimum and maximum values of NDVI measured for the season. 
NDVI = Value for the day 
 

3. Results and Discussion 

After adjusted parameterization of the F treatment, the model was run for both years.  The 

initial water content for each layer was adjusted with the first measured NP SWC readings. Since 

the tipping bucket parameters (FC and PWP) were not measured in the field, various iterations of 

FC and PWP were performed, keeping values within the range of clay loam, for each layer, to fit 

the model closely to the adjusted initial SWC readings. The FC and PWP estimated for each layer 

are in Table 5. Calibration of the model was done using the daily soil moisture for each layer for 

the full irrigation treatments and then deficit irrigation experiments were modeled accordingly. 

For the 2018 growing season, 80 mm less rainfall was recorded at Ziamet weather station 

data than the NOAA data. For 2020, the difference was only 13.5 mm less rainfall than NOAA (Table 

4). The frequency and the recorded days with rainfall varied slightly between datasets, and the 

input rainfall was adjusted based on both records and the neutron probe changes.  

The field capacity and permanent wilting point were adjusted to match simulated water 

contents with neutron probe data. The parameters also showed similar values for both years 

(Table 5), where the top 80 cm ranged from 26% to 36% for field capacity and 18% to 19% for 

wilting point. The modeled FC and PWP agree with the clay loam properties mentioned in Zotarelli 

et al., (2010). The bottom three layers showed lower water holding capacity, indicating 

compaction or soil texture differences, with field capacity ranging from 18% to 25% between both 

years (Dane and Topp, 2020).  
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From Table 6, the FAO-56 Kcb mid for legumes 2018 and 2020 were 1.12 and 1.17, 

respectively. The best match for the WINDS model simulations for the full irrigation treatments 

were 1.1 and 1.12 for 2018 and 2020, respectively. Table 6 also shows the Kcb mid for the deficit 

irrigation treatments was similar. Based on the WINDS model, the end Kcb for both years was 0.3 

for the full irrigation treatment and 0.2 for the deficit irrigation treatment. This was lower than 

the FAO-56 values.  

3.1 Water Balance Adjustment for 2018 

For the Kinman PI full irrigation treatment, 3 out of 14 neutron measurement days seemed to 

have erroneous data. The total water depths in the soil profile were 570 mm on DOY 226 and 416 

mm on DOY 232 despite a water intake of 75.4 mm during that interval. This imbalance showed 

an unrealistic decrease of 154 mm in the soil. Furthermore, the total water in the soil profile was 

332 mm on DOY 235, which indicated a decrease of 35 mm/day, resulting in a difference of 27.3 

mm between the measured and modeled ET. Conversely, the DOY 239 reading indicated ~36mm 

ETc from DOY 235 to 239, which is an expected value. Thus, the DOY 232 neutron probe reading 

was probably incorrect. Other incorrect readings were DOY 226 and DOY 247. Table 7 summarizes 

these calculations. Using modeled ET, NOAA weather data, and odd-looking neutron standard 

counts, the following adjustments were made. 

1. The Standard Count (SC) of erroneous neutron probe data was changed to the average SC 

of the season for DOY 226, 232, and 247. This improved the neutron readings and 

consequently changed the moisture content between intervals.  

2. Rainfall data during the late-season was significantly different between NOAA and Ziamet 

data. Using NOAA as a reference, irrational rainfall measurements were adjusted. 
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3. Comparing the moisture and rainfall for the adjusted DOY 235, it was detected that due to 

large thunderstorm events, there was runoff. Other storms were also adjusted for runoff. 

Using the WINDS model, 20-30% of storms were partitioned off as runoff.  

Figure 4 highlights the initial and adjusted ET for all treatments of 2018. Table 8 shows the 

improved results after applying the above adjustments. The new water balance had good 

agreement between neutron probe and simulated water contents, averaging a 0.02mm difference 

between the measured and modeled ET.  

Using the adjusted neutron probe and infiltration depths. Figures 5b, 5c, and 5d show that 

the deficit irrigation treatments followed a similar trend where DOY 204 neutron probe values in 

all treatments were corrected, and for DOY 236, 20% of the storm event was partitioned to runoff. 

Moreover, the Vst and Rst also were adjusted for the neutron readings for DOY 186. 

3.2 Water Budget for 2020 

The water budget analysis for 2020 had seven intervals for all treatments and followed a 

similar regime where the first neutron reading i.e., DOY 161 was increased 10% to adjust the ET 

for the next interval for all four treatments. Figure 6 shows measured ET on DOY 171 was lower 

than modeled ET throughout the treatments. This can imply an incorrect standard count for DOY 

161. The second and third intervals (from DOY 171 to DOY 183 and from DOY 183 to DOY 195) 

received 27 mm and 43 mm of rainfall with an addition of 56 mm and 17.78 mm of irrigation, 

respectively. During these days, the water budget was balanced by adjusting the excess rainfall as 

runoff. The water budget fits well with the prediction of 20% runoff. Figure 6 shows that DOY 206 

showed lower measured ET than modeled ET. During this interval, 40 mm of rainfall was recorded 

and there was one irrigation event as well. This was again excess water intake that was not 
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observed in the initial water budget. The adjustment was done by slightly adjusting the neutron 

probe reading for DOY 206 and simulating 20% runoff for DOY 219. 

3.3 WINDS Calibration 

After the parameters were improved, the WINDS model was calibrated with the adjusted 

data.  Figure 8 shows the ETc graph of PI full irrigation regime of the 2018 experiment. The 2020 

experiment had a similar ETc curve but is not shown. The calibration showed a reasonable 

agreement of soil moisture content for each layer. Figures 5 and 7 illustrate the agreement of soil 

moisture for each layer for all treatments for 2018 and 2020. For 2018, the model accurately 

simulated the upper root zone, with the best agreement from 10 cm to 60 cm. There was high 

variability in neutron probe readings in lower layers between replicates. For the deficit irrigation 

experiments in 2018, the model showed that soil moisture in the lower layers mostly remained at 

the field capacity with a decline toward the end season.  

Percent depletion was also generated by the WINDS model. Figure 9 shows the percent 

depletion for each soil layer for the 2018 guar experiment for two irrigation treatments: PI_F and 

PI_Vst. There is more variation in the depletion in the evaporation layer compared to other layers 

during the early stage. Between the two irrigation regimes, the top layers of PI_Vst are also seen 

as more depleted during the vegetative stage. During the late season, layers 4 and 5 represent 

depths from 40 cm to 80 cm are more sensitive to water depletion. Similar graphs for 2020 (Figure 

10) showed that the depletion for PI_F mainly is towards the end of mid-season and late-season; 

however, for the PI_Vst treatment, the top three layers (from 20 cm to 60 cm) were depleted from 

the vegetative stage until the end of the season.   



 

145 
 

Root Mean Square Error (RMSE) was calculated between modeled and field-measured soil 

moisture for neutron reading days for each treatment of both years. Table 9 shows the average 

RMSE values presented by averaging data of all soil layers for the days and then an overall average 

of the season. The RMSE of soil moisture analysis showed a range from 0.018 to 0.035. The overall 

results in Table 9 show that the model effectively simulated the soil moisture content in this deficit 

irrigation experiment.  

The NDVI values were used to calculate Kcb during 2020, and the calculated Kcb values had 

reasonably close agreement with the daily Kcb values generated by the volume balance and 

WINDS model analyses (Figure 11).  

This experiment had extensive plant measurements and limited resources. This is not 

unusual in plant science and irrigation research. For these experiments to be meaningful, 

augmentation of the field research with analysis such as that shown in this paper is essential and 

can greatly increase the value of experiments.   

4. Conclusions 

The purpose of this study was to demonstrate the capability of the WINDS model to 

simulate deficit irrigation experiments, to detect erroneous data, and to fill in the gaps between 

infrequent soil moisture measurement readings. Initially, the WINDS model determined the field 

capacity and wilting point for each layer of the soil profile. The analysis method detected errors in 

neutron probe readings and the required partition of runoff during the large rainfall events.  With 

adjustments, the WINDS model also was able to provide a reasonable simulation of the guar 

experiments. This extensive study is an example of the importance of models in the validation and 
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improvement of field measurements. It also shows that despite a limited dataset, the WINDS 

model was able to not only identify errors but produce an adequate daily simulation that will be 

useful for the generation of an input dataset for AquaCrop. 
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List of Tables 

 

Table 1: Average monthly weather indicators for growing season of guar in 2018 and 2020 

Year Month Rainfall Temperature ETo Relative humidity Wind Speed 

  (mm) (°C) (mm) (%) (m/s) 

   Max Min  Min  

        

2018 

July 68.6 33.1 17.3 232.22 26.1 3.24 

August 84.9 31.9 16.3 209.43 29.1 3.31 

September 38.6 27.8 12.8 157.76 36.7 3.45 

October 57.4 19.9 6.7 79.23 44.6 2.29 

November 33.8 14.6 -1.3 51.52 34.2 0.95 

        

2020 

June 26.67 33.2 15.4 294.8 13.37 4.82 

July 91.1 34.1 18.5 249.1 22.9 3.28 

August 12.95 34.6 16.9 243.4 18.03 3.22 

September 14.2 27.48 10.2 164.4 23.4 2.89 

October 13.2 22.9 3.8 150.6 22.7 3.51 

 

Table 2: Sowing and harvesting time of the year for guar experiment. 

Time 
2018 2020 

Date Day of Year Date Day of Year 
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Pre-Irrigation June 15 166 May 15 136 

Sowing July 03 184 June 02 154 

Harvesting November 16 320 October 21 295 

 

Table 3: Irrigation schedule for the guar experiment for all irrigation regimes for 2018 and 2020. 

Day of Year Full Irrigation 
Stress at 

Vegetative Stage 

Stress at 

Reproductive Stage 
Rainfed 

2018 Irrigation Schedule for PI Condition Guar Experiment 

167 43.18 43.18 43.18 43.18 

174 43.18 43.18 43.18 43.18 

181 40.64 40.64 40.64 40.64 

185 12.7 12.7 12.7 0 

190 10.16 10.16 10.16 0 

199 17.78 0 17.78 0 

217 30.48 0 30.48 0 

225 31.75 31.75 0 0 

240 31.75 31.75 0 0 

254 31.75 31.75 0 0 

260 31.75 31.75 0 0 

TOTAL 325.12 277 198.12 127 

2020 Irrigation Schedule for PI Condition Guar Experiment 
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124 40.64 40.64 40.64 40.64 

138 40.64 40.64 40.64 40.64 

145 45.72 45.72 45.72 45.72 

151 25.4 25.4 25.4 0 

156 20.32 20.32 20.32 0 

160 20.32 20.32 20.32 0 

164 20.32 20.32 20.32 0 

174 30.48 0 30.48 0 

180 25.4 0 25.4 0 

191 17.78 0 17.78 0 

197 20.32 0 20.32 0 

209 25.4 25.4 0 0 

220 25.4 25.4 0 0 

230 25.4 25.4 0 0 

239 25.4 25.4 0 0 

TOTAL 409 314.96 307.34 127 

Table 4: Comparison of rainfall data between NOAA and Ziamet stations for the growing periods 
of guar 

Growing season NMSU rainfall (mm) NOAA rainfall (mm) 
Difference in rainfall 

(mm) 

2018 262 342 80 

2020 143.5 157 13.5 
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Table 5: Model determined field capacity and wilting point for each layer of the soil profile for the 
pre-irrigation condition for full irrigation treatment. 

Layers (cm) 
Field Capacity Permanent Wilting Point 

2018 2020 2018 2020 

10 - 20 32 32 19 18 

20 – 40 36 34 18 18 

40 – 60 34 34 19 19 

60 – 80 30 26 19 16 

80 – 100 25 17 17 14 

100 – 120 25 18 15 12 

120 – 140 25 22.5 13 13 

 

Table 6: Comparison of modeled, FAO-56, and NDVI methods for Kcb calculations 

Year 
FAO-56 Kcb NDVI-Kcb Modeled Kcb 

F F F Vst Rst Rainf 

2018 1.12 1.102 1.1 1.1 0.9 0.6 

2020 1.17 1.092 1.12 1.1 0.9 0.9 
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Table 7: A section from the water balance calculations to show example of erroneous data from 
2018 for the full irrigation treatment. 

DOY 

in 

2018 

Irr + rain 

(mm) 

Average 

neutron 

(mm) 

change in 

moisture (mm) 

Measured ET 

(mm) 

Modeled ET 

(mm) 

Difference 

(mm) 

226 67.1 570.0 201.1 9.58 3.92 5.66 

232 75.4 416.0 -154.0 5.74 6.72 -0.98 

235 2.3 348.3 -67.7 34.99 7.67 27.32 

239 1.8 384.1 35.8 8.49 8.24 0.25 

 

Table 8: Data improvement in ET calculations for the year 2018 

DOY in 

2018 

Erroneous data Adjusted data 

Measured ET 

(mm) 

Modeled ET 

(mm) 

Difference 

(mm) 

Measured ET 

(mm) 

Modeled ET 

(mm) 

Difference 

(mm) 

226 9.58 3.92 5.66 3.86 3.92 -0.06 

232 5.74 6.72 -0.98 6.81 6.72 0.09 

235 34.99 7.67 27.32 7.49 7.67 -0.18 

239 8.49 8.24 0.25 8.49 8.24 0.25 

 

Table 9: Root Mean Square Error (RMSE) of the irrigation treatments of guar experiments 2018 
and 2020. 

Treatments RMSE 

2018 2020 
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Full irrigation 0.035 0.025 

Stress at vegetative stage 0.019 0.025 

Stress at reproductive stage 0.018 0.019 

Rainfed 0.026 0.021 
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List of Figures  

 

 

Figure 1: Weather station at Clovis Agriculture Science Center (ASC), New Mexico. Picture 
courtesy: Ziamet Climate Center. 

 

Figure 2: Study area of the guar experiments. Both seasons were run on the same field in Clovis 

ASC, NM. 
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Figure 3: Distribution of factors on the field where the two wedges are divided in to 4 replicates 
marked as R1, R2, R3, and R4. Each replicate has two pre-irrigation conditions marked with distinct 
boundary lines. Further, each block has all four irrigation treatments as presented. 
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Figure 4: Graphical representation of all neutron probe days showing ET from erroneous data (left) 
and improved ET (right) between intervals for 2018 guar experiment. a) full irrigation b) stress at 
vegetative stage c)  

a) 

b) 

c) 

d) 



 

162 
 

 

 

 

 

10 – 20 cm 

20 – 40 cm 

40 – 60 cm 

60 – 80 cm 

80 – 100 cm 

100 – 120 cm 

120 - 140cm 

a) 

b) 



 

163 
 

 

 

Figure 5: WINDS model calibration for guar experiment of 2018. Comparison of soil moisture 
content between daily simulated value with the neutron probe readings for each treatment. Soil 
moisture analysis for pre-irrigation condition treatments are a) no stress treatment b) stress at 
vegetative stress c) stress at reproductive stage, and d) rainfed. 
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Figure 6: Graphical representation of all neutron probe days showing ET from erroneous data (left) 
and improved ET (right) between intervals for 2020 guar experiment. a) full irrigation b) stress at 
vegetative stage c) stress at reproductive stage, and  d) rainfed treatment. 
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Figure 7: WINDS model calibration for guar experiment of 2020. Comparison of soil moisture 
content between daily simulated value with the neutron probe readings for each treatment. Soil 
moisture analysis for pre-irrigation condition treatments are a) no stress treatment b) stress at 
vegetative stress c) stress at reproductive stage, and d) rainfed. 
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Figure 8: Simulated daily ETc curve also showing distribution between Evaporation (E) and 
Transpiration (T) for guar 2018 experiment for pre-irrigation full irrigation regime. 
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Figure 9: Comparison of percent depletion for each soil layer simulated by the WINDS model for 
guar experiment 2018. A): precent depletion of PI full irrigation B) percent depletion of PI stress 
at vegetative stage.  
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Figure 10: Comparison of percent depletion for each soil layer simulated by the WINDS model for 
guar experiment 2020. A): precent depletion of PI full irrigation B) percent depletion of PI stress 
at vegetative stage. 
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Figure 11. NDVI Kcb values and crop coefficient curves for full and stressed treatments during 

2020 from the WINDS model analysis.  

 

 

 


