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ABSTRACT 

 Lack of precipitation and irrigation resources threatens sustainable crop 

production in the Southern High Plains (SHP). Effective and efficient irrigation 

scheduling is required to improve water use efficiency (WUE) and conserve water. 

Typical irrigation scheduling methods are based on the reference evapotranspiration 

(ET0) and soil water balance. A key challenge in irrigation scheduling is the shortage of 

methods to determine accurate crop coefficients (Kc) and water requirements at different 

crop growth stages. Unmanned aerial systems (UAS) can provide high-resolution remote 

sensing images, which potentially enable accurate monitoring of crop growth and 

irrigation needs.  

The objectives of this research were: 1) to develop a UAS remote sensing based 

irrigation scheduling algorithm for cotton (Gossypium hirsutum L.); 2) to evaluate the 

water use and WUE of UAS remote sensing based irrigation scheduling as compared to 

the Decision Support System for Agrotechnology Transfer (DSSAT) simulations. The 

algorithm incorporated the FAO-56 ET0 method and Kc derived from high-resolution 

UAS images into the computation of crop water requirement. ET0 was calculated with 

meteorological data using the FAO-56 method. Ground cover was derived from the UAS 

images using the maximum likelihood classification. This ground cover was equivalent to 

the Kc at the corresponding crop growth stage. Daily crop evapotranspiration (ETc) is 

then calculated as the product of ET0 and Kc with adjustment of plant height. The daily 

water requirement is the difference between ETc and effective rainfall. Irrigation 

scheduling was implemented weekly based on the water requirement of the previous 
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seven days. This algorithm was integrated into a Python script for irrigation scheduling. 

The algorithm was implemented in an experiment with four irrigation treatments, high 

(90% ET), medium (70% ET), low (45% ET), and very low (25% ET), in a research field 

in the SHP in 2018.  

The performance of this algorithm was evaluated by comparing with results from 

a long-term study and simulation from the DSSAT CSM-CROPGRO-Cotton model, with 

respect to seed cotton yield, water use, WUE, and irrigation water use efficiency (IWUE). 

Compared with the historical cotton yields, observed seed cotton yields for UAS based 

irrigation scheduling algorithm were higher by 7.4%, 11.3%, 9.0%, and 3.3% for the four 

irrigation treatments, respectively. Statistical results showed the values of WUE and 

IWUE for UAS based irrigation scheduling were significantly higher than the DSSAT 

simulation results. The total irrigation amount of the UAS based irrigation scheduling 

algorithm was 30% less than the DSSAT simulation results for the high irrigation 

treatments. Higher yield with less irrigation was achieved using the UAS remote sensing 

irrigation scheduling as compared to the DSSAT simulation. This study demonstrated 

that UAS remote sensing has potential in effective irrigation scheduling to improve 

WUE, conserve water and enhance production sustainability. 

 

Keywords: crop coefficient, crop ground cover, evapotranspiration, irrigation water use 

efficiency, subsurface drip irrigation, unmanned aerial systems, water use efficiency, 

Southern High Plains 
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CHAPTER I 

INTRODUCTION 

 Irrigation in agriculture is a major user of surface and groundwater. On a global 

scale, 17% of irrigated cropland leads to 40% of the total production (Lal, 2004). 

Agriculture accounts for over 80 percent of the consumptive water use in the United 

States (USDA, 2019). Irrigated farms accounted for roughly half of the total value of crop 

sales on 28% of the U.S. harvested cropland in 2012 (USDA, 2019). Total irrigated land 

was 63.5 million hectares, 2% more in 2015 than in 2010. Ten percent and 19 percent 

more irrigated hectares were reported using sprinkler and microirrigation systems 

between 2010 and 2015 (Dieter et al., 2018).  

 Most irrigated fields adopt the center pivot irrigation system in the Southern High 

Plains (SHP), located in the southern part of the Great Plains of the United States, which 

has a semi-arid climate with average annual precipitation ranging from 260 to 600 mm. 

The average summer rainfall is 292 mm, which is about one-third of the potential crop 

evapotranspiration. Therefore, irrigation is required to obtain high yield and economic 

return (Adhikari et al., 2017). The SHP is a major cotton (Gossypium hirsutum L.) 

production area, with more than 3.6 million planted acres producing 5 million bales of 

cotton, which accounts for approximately 25% of the nation’s cotton acreage (Adhikari et 

al., 2016; RACE, 2017). The yield of irrigated cotton is usually two to four times greater 

than dryland cotton (Wanjura et al., 2002; Attia et al., 2016).  
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Primary irrigation source in the SHP is the Ogallala Aquifer, which has been 

depleting rapidly in recent years with negligible recharge rate (Snowden et al., 2013). 

Comparing the water level of the Ogallala Aquifer in the 1950s to that of 2015, up to 12.5 

meters of saturated thickness had been depleted in SHP (McGuire, 2017). As a reference, 

the average decline for the whole U.S. area of the aquifer is 4.5 m during the same 

period. The water depletion in Texas High Plains is about 12 times than the U.S. average. 

Given this depletion rate, Snowden et al. (2013) predicted that 35% of the SHP area 

would have no irrigation water within the next 30 years. This is a serious threat to 

sustainable cotton production in the SHP region (Mauget et al., 2013). Dryland farming 

may be an option under limited water environment, but when comparing net returns from 

all other crops and technology combinations, irrigated cotton has an optimal advantage 

(Terrell et al., 2002).  

With limited supply of groundwater for irrigation and low in-season precipitation, 

it is challenging to meet the maximum daily crop water demand in the arid and semi-arid 

environment of the SHP. Instead of full irrigation, deficit irrigation is more common in 

this area. Deficit irrigation can be used to achieve maximum water use efficiency (WUE) 

and profits by growing the crop at ET levels below its maximum potential (Singh et al., 

2010). WUE is defined as the amount of net carbon assimilated or biomass produced per 

unit of crop used water, usually measured by dry weight of the vegetative portion or 

grain, and dividing by the amount of irrigation and rainfall (Kirkham, 2005; Hatfield and 

Dold, 2019). Studies have shown that some deficit irrigation strategies and some 

irrigation models can considerably reduce the irrigation amount without significantly 
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reducing lint yield in cotton (Aujla et al., 2005; Daǧdelen et al., 2006; Dağdelen et al., 

2008). The amount of irrigation supply under deficit irrigation would be relatively high in 

general cases, one that permits achieving 60–100% of full evapotranspiration (Fereres 

and Soriano, 2006). Many cases of the successful use of deficit irrigation in cotton are 

reviewed, showing that deficit irrigation increases not only water productivity but also 

farmers’ profits. However, an effective decision tool to optimize irrigation water amount 

and timing is necessary to conserve water and increase WUE. 

The typical irrigation scheduling algorithm is either based on the reference 

evapotranspiration (ET0) or based on soil water balance. The ET0 method uses the 

weather data and crop coefficient (Kc), which is crop- and growth stage-specific, to 

calculate the daily crop water requirement. The Kc used in this algorithm had only one 

value for each growth stage. The soil water balance algorithm required delicate soil 

moisture sensors to take the direct soil water content measurement (Allen et al., 1989; 

Jones, 2004; Pereira et al., 2009). Besides the typical irrigation scheduling algorithm, a 

potential solution is to develop an irrigation scheduling algorithm which contains both the 

typical method and the application of remote sensing.  Previous studies showed that using 

remote sensing techniques can compute the crop ground cover, which could be used to 

estimate the corresponding Kc. By integrating the two methods, the new irrigation 

scheduling model, which can avoid the direct soil water content measurement and 

provide the weekly dynamic Kc, would provide growers more accurate day-to-day 

irrigation management, which in turn could increase WUE and economic returns. 

Another possible solution is to use the simulated irrigation amounts and timing from crop 
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modeling tool such as Decision Support System for Agrotechnology Transfer (DSSAT). 

The irrigation scheduling algorithm used in the DSSAT is based on both soil water 

balance and ET. The weather inputs are used to compute the ET0. Kc was determined by 

the crop cultivar parameters input and growth stages. Irrigation timing was determined by 

the soil available water content which was simulated based on the soil parameters input 

(Jones et al., 1998; Hoogenboom et al., 2010)  The objectives of this research were: 1) to 

develop a UAS remote sensing based irrigation scheduling algorithm for cotton; 2) to 

evaluate the water use and water use efficiency of UAS remote sensing based irrigation 

scheduling as compared to the DSSAT simulations.   
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CHAPTER II 

LITERATURE REVIEW 

2.1.  Irrigation Management and the Requirement on Cotton  

Irrigation is essentially the artificial application of water to overcome the lack of 

precipitation for growing crops (Turral et al., 2010). The relationship between crop 

production and the amount of irrigation water applied to the crop is significant.  Some 

studies have shown the significant difference between dryland and fully irrigated cotton 

on lint yield. For example, the fully irrigated cotton lint yield was 1313 kg ha-1, and the 

dry land cotton lint yield was 258 kg ha-1 in Northern Texas High Plains (Howell et al., 

2004). Another study showed that the fully irrigated cotton lint yield was 1192 kg ha-1, 

and the dry land cotton lint yield was 981 kg ha-1 in Stoneville, Mississippi (Pettigrew, 

2004).  

There are various irrigation methods and technologies, such as surface irrigation, 

sprinkler irrigation, and micro-irrigation that have been used to control irrigation. Surface 

irrigation methods, including level basin flooding and furrow irrigation, generally require 

the lowest capital investment but could require a large amount of manual labor for 

effective management. Sprinkler irrigation applies water directly to the soil surface using 

a range of technologies, including hose reel sprinkler systems, side roll irrigation 

systems, and Low Energy Precision Application (LEPA) irrigation (Porter, 2010). Micro-

irrigation includes surface drip irrigation, subsurface drip irrigation (SDI), and micro-

spray irrigation. Micro-irrigation can deliver water very precisely to the target area. 
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Subsurface drip irrigation is gaining popularity in the production of agronomic row crops, 

especially in areas of limited irrigation water supplies. Frequently cited advantages of 

SDI include precise application of fertigation and chemigation, high efficiency and 

uniformity of water application, applicability to operations with large or small water 

capacities and over a range of field sizes, topographic and soil conditions, reduced labor 

requirement compared to other irrigation technologies, and ease of automation (Ayars et 

al., 2002; Molden et al., 2009; Camp, 2013; Jensen et al., 2016). Disadvantages include 

requirement of higher skill level for operation and management, high initial cost, 

potential problems with germination of a crop, potential problems with emitter clogging, 

root intrusion, rodent and insect damage to driplines, and limited root zone and limited 

options for deep tillage (Ayars et al., 2002; Kang and Zhang, 2004; Molden et al., 2009; 

Camp, 2013; Zonta et al., 2016; Jensen et al., 2016; Rao et al., 2016). 

An essential consideration in managing irrigation is the water requirement at 

different crop growth and developmental stages. Figure 1 shows the general irrigation 

water requirement of cotton at different stages in the Texas High Plains (Porter, 2010). 

Seasonal water use for cotton ranges from approximately 330 mm (dryland) to 685 mm 

(fully irrigated) per season, with seasonal crop ET demand of 610 to 711 mm. Highest 

water use often occurs during flowering and boll development. In the SHP, only limited 

producers have the irrigation capacity to satisfy crop demands. Some research indicates 

that high-frequency deficit irrigations fit cotton very well, even with amounts as low as 

0.25 inch applied every two days after the first bloom period (Ayars et al., 2002; Molden 

et al., 2009). Wanjura et al. (2002) showed that in a 12-year study conducted in SHP, a 
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total irrigation amount of 580 mm or total water application of 740 mm was estimated to 

produce maximum lint cotton yield.  The average increase in lint yield was 11.4 kg ha−1 

cm−1 for irrigation amounts between 50 and 540 mm. Observed yields ranged from 855 to 

1630 kg ha−1. The range of maximum lint cotton yield was 1335–1630 kg ha−1.  

 

Figure 1. Approximate cotton water demand in the Texas High Plains (Porter, 2010) 

Scheduling irrigation is to determine the amount of water to apply to the field and 

the timing for a specific stage in the plant's development and growth (Broner, 2005). An 

irrigation scheduling tool may consist of a database management system, a model base, 

and a graphical user interface, to help growers arrange the irrigation timing and irrigation 

amount. The ultimate goal of all irrigation scheduling tools is to increase water use 

efficiency, crop yield, and economic returns. Many types of research based on different 

irrigation scheduling models have proven that irrigation scheduling models can assist 

growers in making day-to-day irrigation management for potential water saving (George 
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et al., 2000; Farahani et al., 2009; Pereira et al., 2009; Linker et al., 2016; Vellidis et al., 

2016). 

  Many irrigation scheduling models are based on a daily water balance approach 

and use crop, soil, and climatological data as input. Based on the climatological data, the 

model would offer a choice of one or more methods of estimating reference 

evapotranspiration (ET0). Then the evapotranspiration of soil and crop can be computed 

based on the ET0. The model-predicted soil water content would be compared with the 

field measured data for many different research fields. The results from many types of 

research have shown that the predicted soil moisture is very similar to measured data 

(George et al., 2000). The cotton2K model was used in the Texas Rolling Plains and 

showed that fully irrigated treatment had the highest lint cotton yield and economic 

returns of 1440 kg ha–1 and 1080 dollars ha–1, respectively compared with other ET 

replacement treatments.  

Other studies showed that deficit irrigation of 80% ET had an advantage for WUE 

and IWUE from the same region (Wanjura et al., 2002; Howell et al., 2004; Attia et al., 

2016) and from other different environments (Kang and Zhang, 2004; Aujla et al., 2005; 

Fereres and Soriano, 2006; Ibragimov et al., 2007; Dağdelen et al., 2008; Farahani et al., 

2009; Basal et al., 2009; Pereira et al., 2009; Singh et al., 2010; Rao et al., 2016). Camp  

(2013) summarized that with the effects of environmental factors in a different location, 

the rate of deficit evapotranspiration varies among different irrigation technologies. Use 

of SDI has progressed from being an accepted method of irrigation both on plot and field 

studies. Yield response for over 30 crops indicated that the crop yield and WUE for SDI 
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were greater or equal to for other irrigation system. Use of SDI resulted in increased use 

of water from groundwater and reduced deep percolation when crops were grown in high 

water table areas. Studies demonstrated that deficit irrigation was as good as at the time 

of installation after years of operation if management procedures could be followed to 

prevent root intrusion (Ayars et al., 2002). 

2.2.  Evapotranspiration and Crop Coefficient 

 To estimate the daily crop water use, ET0 is the foundation.  ET is the 

combination of two separate processes whereby water is lost from the soil surface by 

evaporation and from the crop by transpiration. Evaporation and transpiration coincide 

and it is hard to distinguish between the two processes. The soil evaporation is mainly 

determined by the amount of solar radiation reaching the soil surface. The relative soil 

evaporation decreases over the growing season as the crop develops since crop canopy 

has increasing ground cover. In other words, when the crop is in the early stage, water is 

lost predominately by soil evaporation, but once the crop is developed and covers the 

soil, transpiration becomes the main water losing process. Before crop emergence, almost 

100% of ET comes from soil evaporation, while at 100% crop cover more than 90% of 

ET comes from transpiration. The ET rate expresses the amount of water lost from a 

cropped surface in units of water depth, for instance, millimeters (mm) per unit time. The 

time unit can be determined by the purpose of research, which can be a minute, a day, a 

month or even a year. (Allen et al., 1998).  

Jensen and Allen (2016) demonstrated that weather parameters, crop factors, 

management and environmental conditions are factors that can affect crop ET. The 
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primary weather parameters affecting ET are air temperature, radiation, wind speed, and 

humidity. When computing the ET from crops grown in large and well-managed fields, 

the crop type, cultivar and development stage should be considered. Various resistance to 

crop height, crop roughness, crop rooting characteristics, transpiration, ground cover, and 

energy reflection result in different ET amount in different types of plants under standard 

environmental conditions. Other factors such as land fertility, limited application of 

fertilizers, soil salinity, impenetrable soil horizons, lacking control of pests and diseases 

and poor soil management may reduce the crop ET and limit the crop development. Other 

factors to be considered are plant density, ground cover, and soil water content.  

Allen et al. (1998) introduced the reference evapotranspiration (ET0) represents 

the evapotranspiration rate from a well-watered and standardized vegetated surface. A 

common reference surface can be a hypothetical grass reference crop with specific 

characteristics. The concept of the ET0 was introduced to study the evaporative demand 

of the atmosphere independently of management practices, crop type, and crop 

development. If water is abundantly available at the ET0 surface, soil factors do not affect 

ET. Relating ET to a specific surface provides a reference to which ET from other 

surfaces can be related. It avoids the need to define separate ET level for each crop and 

growth stages. ET0 values measured or computed at various locations are comparable as 

they refer to the ET from the same reference surface. ET0 is only affected by the climatic 

parameters. Consequently, ET0 can be computed from weather data.   

Actual crop evapotranspiration (ETc) under standard conditions is the 

evapotranspiration rate from well-fertilized, disease-free crops, grown in large fields, 
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under well-watered conditions and specific climatic conditions. The crop water 

requirement is defined as the amount of water required to compensate for the 

evapotranspiration loss from the cropped field. Although the values for ETc and crop 

water requirement are identical, crop water requirement refers to the amount of water that 

needs to be supplied, while ETc refers to the amount of water that is lost through 

evapotranspiration (Allen, 2000). The irrigation water requirement represents the 

difference between the crop water requirement and effective precipitation. The irrigation 

water requirement also includes additional water for leaching of salts and to compensate 

for non-uniformity of water application. ETc can be computed from climatic data and by 

integrating the albedo, crop resistance, and air resistance factors (Allen et al., 1998). 

Figure 2 represents the relationship between ET0 and ETc.  

 

Figure 2. Reference ET and crop ET under standard condition (Allen et al., 1998). 
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The crop coefficient (Kc) is defined as the ratio of ETc/ET0, which can be 

experimentally determined. The coefficient integrates differences in the soil evaporation 

and crop transpiration rate between the crop and the grass reference surface. Differences 

in aerodynamic properties, leaf anatomy, stomatal characteristics, and even albedo cause 

the ETc to differ from the ET0 under the same climatic conditions (Allen et al., 1998; 

Allen, 2000). Kc is widely used to estimate crop water use and to schedule irrigation 

(Pereira et al., 1999). Due to variations in the crop characteristics, Kc for a given crop 

changes from sowing till the harvest (Ko et al., 2009). Values of Kc for most agricultural 

crops increase from the lowest value at sowing until the highest Kc is reached at full 

canopy cover. The Kc tends to decline after a full canopy cover. The declination primarily 

depends on irrigation management during the late season and the particular crop growth 

characteristics (Howell, 1990; Allen et al., 1998; Allen, 2000).  

ETc can be measured or estimated with specific devices from various methods at 

plot scale depending on different purposes. ET must be precisely measured for research 

purposes in plant eco-physiology, while it can be estimated for farm irrigation 

management. ET measurements include direct and indirect methods (Allen et al., 1998; 

Jensen et al., 2016). The direct ET measurement is based on the soil water content and 

the physical characteristics of the surface such as canopy height, plant density, canopy 

roughness, and albedo. Weighing lysimeters can measure ETc directly by the mass 

balance of the water variation above the balance (Howell et al., 1991). However, the ET 

values from a weighing lysimeter cannot always represent the conditions of the whole 

field but they represent only the ET around the weighing lysimeter in the field (Grebet 
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and Cuenca, 1991). Weighing lysimeters are very expensive and sensitive, which require 

professional skills of maintenance (Rana and Katerji, 2000). The eddy covariance system 

is another direct method to measure ETc. Water vapor density, latent heat, and CO2 

density are measured in vertical wind fluctuations (Stull, 2012). Using an eddy 

covariance system requires difficult software for data acquisition and sensors, which are 

very delicate and expensive (Rana and Katerji, 2000). 

The indirect ET measurement is based on meteorological variables such as solar 

radiation, wind speed, and thermodynamic characteristics of the atmosphere above the 

canopy (Rana and Katerji, 2000). Soil water balance is an indirect method. This equation 

is based on the principle of conservation of mass in one dimension applied to the soil, the 

complete expression is:  

 𝑃 + 𝐼 + 𝑊 − 𝐸𝑇 − 𝑅 − 𝐷 = ±∆𝑆0
𝑟 (1) 

where P is precipitation, I is irrigation, W is the contribution from water table upward, R 

is surface runoff, D is drainage and ∆𝑆0
𝑟 is soil water storage in the soil layer, where the 

roots are active to supply water to the plant. In semi-arid and arid areas, runoff (R) could 

be neglected for sand and sandy loam (Holmes, 1984; Jensen et al., 2016). Drainage (D) 

can be neglected if the water supply does not exceed the total soil water capacity at daily 

scale (Holmes, 1984; Lhomme and Katerji, 1991). Contribution from water table upward 

(W) can be neglected if the soil system has a very deep water table. In this case, a 

simplified soil water balance equation is expressed as: 

 𝑃 + 𝐼 = 𝐸𝑇 ± ∆𝑆0
𝑟 (2) 
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Irrigation water supply (I) is known and precipitation (P) and soil water storage (ΔS) can 

be measured so that the ET can be calculated with Equation 2.  

 ET can be estimated by complex models which can be categorized into three 

groups:  

1) Based on analytical modeling of ET. Penman-Monteith equation combined both 

aerodynamic theory and energy balance have been proved very useful in ET 

estimation (Penman, 1948; Allen et al., 1989; Monteith and Shatleworth, 2013). 

The disadvantage of this method is that the model must be locally calibrated 

(Rana et al., 1997a; b). 

2) Based on the evapotranspiration of a reference surface. The water consumption 

of crops is estimated as a fraction of the ET0. Data to calculate ET0 are usually 

collected from meteorological stations. Crop coefficient (Kc) is the key point to 

convert ET0 to ETc. This method works well in different environments and 

various crops (Rana et al., 1994; Allen et al., 1998; Allen, 2000; Jensen et al., 

2016). 

3) Based on a soil water balance. Feddes et al. (1988) and Jong and Bootsma (1996) 

showed the difficulties of the method was hard to control the accuracy for 

estimating the water transfer and for estimating the boundary conditions of the 

soil–plant–atmosphere system. Lhomme and Katerji (1991) and Brisson et al. 

(1992) showed another difficulty to determine the soil water storage and the 

stress reduction coefficient (Ks).  
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2.3.  Remote Sensing Application in Irrigation Scheduling 

Remote sensing is the acquisition of physical data of an object without direct 

contact (Lintz and Simonett, 1976, p. 1). Remote sensing has been widely used in 

agriculture. Satellite and UAS images have been used to estimate the ground cover at a 

regional or plot scale by many studies (Er-Raki et al., 2007; Laliberte et al., 2011). Canopy 

and soil temperature can be measured by thermal sensors (Jackson et al., 1981; Lo and 

Luvall, 1997). Carlson et al. (1994) used vegetation index derived from different 

wavelength to estimate surface soil water content. Jackson et al. (1981), Haman and Bastug 

(2000), and Tilling et al. (2007) successfully monitored the canopy water or nitrogen stress 

using remote sensing techniques. Agricultural drought was monitored in large scale with 

satellite coarse resolution images by Walter-Shea et al. (2002) and Rojas et al. (2011) and 

in small scale with remote sensing sensors by Rhee et al. (2010). Ray and Dadhwal (2001) 

and Er-Raki et al. (2007) estimated crop water use using meteorological data and NDVI 

derived from remote sensing images.  

Remote sensing images of various resolutions provide valuable information about 

plant growth conditions for irrigation requirements. Crop water stress can be monitored 

with remote sensing techniques and is capable of being a timing indicator for irrigation 

scheduling (Haman and Bastug, 2000). Ray and Dadhwal (2001) and Hunsaker et al. (2013) 

combined FAO-56 methods and vegetation indices to estimate irrigation amounts and 

timing. For the mission of accurate sensing of a plant and soil water status, ground 

measurements are time-consuming and can only provide data with minimal sensing range. 

Satellite images can cover a larger area but have a low resolution and a slow update rate. 
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Unlike the typical ground measurement, UAS can save labor, reduce maintenance and 

operational costs, and provide information more promptly and accurately than human-

crewed aircraft or satellites. The UAS cost less but can provide more accurate information 

with high resolution and with flexible image acquisition timing. Using multispectral 

sensors can provide enough information for the irrigation scheduling model (Chao et al., 

2010; Zarco-Tejada et al., 2012; Stagakis et al., 2012; Baluja et al., 2012; Jiménez-Bello et 

al., 2013; Bellvert et al., 2014).  

The measurement and estimation of ET from plot scale to the regional scale 

requires specific methods and techniques. Rajan et al., (2010) developed a method to 

estimate ETc at the scale field using satellite images following the equation:  

 𝐶𝑊𝑈 =  𝐾𝑠𝑝 ∙ 𝑃𝐸𝑇𝑓𝑐 ∙ 𝐹𝑠𝑡𝑟𝑒𝑠𝑠 (3) 

where CWU is the crop water use; PETfc is the potential evapotranspiration of a 

non-stressed crop with full canopy cover; Ksp is numerically equivalent to the ground cover 

of canopy, which is computed from the satellite images, so that it has a value ranging from 

0 (bare soil) to 1 (complete ground cover); Fstress is a stress factor with a value ranging from 

0 representing fully stressed and non-transpiring plants, to 1 representing no water stress 

conditions. 

ET can be estimated using land surface heat flux models and remotely sensed land 

surface temperatures (LST) which recently have become obtainable in very high 

resolution using UAS. Hoffmann et al., (2016) used very high-resolution LST that can 

give insight into crop conditions within fields. Evapotranspiration is estimated using LST 

retrieved with a UAS and two source energy balance models: the Dual-Temperature-
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Difference (DTD) and the Priestley–Taylor TSEB (TSEB-PT). Both DTD and TSEB-PT 

well estimate evapotranspiration with DTD as the best predictor.   

To effectively apply an irrigation scheduling tool, the information about crop 

water requirements must be provided with sufficient prediction. Three to five days ahead 

seems to be a reasonable lead time (Jones, 2004). Besides, users require access to this 

information and to the time series of satellite or UAS images in an easy-to-use way and in 

nearly real time. The advancements in crop ET assessment, the accessibility to satellite 

images, and the availability of accurate forecasting of meteorological data allow for 

precise predictions of crop water requirements (Calera et al., 2017). However, further 

studies are needed to optimize the use of GIS related information for assessing field 

heterogeneity, such as appropriate determining the time for image acquisition and the 

optimal spatial resolution required. 

2.4.  Water Use Efficiency 

Using various levels of water and fertilizer through the drip irrigation method 

would influence the cotton yield and water use efficiency. Aujia (2010) designed a plot 

study using normal sowing (NS) and paired sowing (PS) methods to test how various level 

of water and fertilizer affect the WUE. The WUE increased from 17.6 to 22.1 kg m-3 in 

drip irrigation under NS when the same quantity of water and N fertilizer was applied as 

compared with check-basin. WUE remained almost constant, with a decrease in the 

quantity of water applied through a drip (Aujla et al., 2005). This showed that a decrease 

in the quantity of water applied was accompanied by the corresponding decrease in seed 

cotton yield resulting in no change in WUE. The decrease in the quantity of N applied was 
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accompanied by the corresponding decrease in WUE at all the levels of water supply, 

although the effect was minimum at the lowest quantity of water applied (Daǧdelen et al., 

2006).  

Many research results showed that fully irrigated or over-irrigated would cause 

decreased lint yield and water use efficiency. So, to find an optimal range of deficit 

irrigation rate for the Texas High Plains is very critical, which could save more water and 

improve profit for growers. Financial returns and profits are also critical factors for 

growers. Only if growers can make reasonable returns and profits, they will choose to use 

new irrigation technology and irrigation scheduling tools. By considering the total direct 

expenses, which include the cost of all inputs, repair and maintenance costs of 

implements and irrigation system, and interest on capital, using the new irrigation 

scheduling model and deficit irrigation will increase economic returns. From Attia et al., 

(2016) research results in the Texas Rolling Plains, application of 219 mm of irrigation 

water in 4 weeks, 317 mm in 6 weeks, 405 mm in 8 weeks, and 516 mm in 10 weeks 

maximized the economic return to 379, 825, 1270, and 1610 $ ha–1, respectively. It is 

clearly shown that the irrigation duration and amount would affect the final cotton lint 

yield and economic returns. Longer irrigation duration and relative more irrigation 

amount would increase economic returns (Daǧdelen et al., 2006; Basal et al., 2009).  

2.5.  Crop Modeling  

During the last decade, crop models have been used extensively in agriculture to 

simulate crop responses to different abiotic factors. Some crop models have been used 

and tested with various crops in different environments. The Decision Support System for 
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Agrotechnology Transfer (DSSAT) (Jones et al., 2003; Hoogenboom et al., 2019) is a 

widely used crop modeling tool. The DSSAT system is complicated, as it requires many 

input parameters to provide in-depth assessments of crop growth and development and 

water and nutrient dynamics. DSSAT involves 28 crop growth models covering fiber 

crops, vegetable, fruit, cereals, oil crops, legumes, and root crops. Each crop model 

simulates crop growth and development in response to weather conditions, soil 

properties, cultivar characteristics, and crop management. DSSAT is a platform that 

integrates the soil, climate, management practices, crop models, and various application 

programs including sensitivity analysis and spatial analysis (Tsuji et al., 1994; Jones et 

al., 2003). DSSAT crop models can predict soil water balance, evapotranspiration, soil 

moisture, crop growth, development and yield, carbon and nitrogen processes over time-

based on weather, soils, crop management, and crop cultivar information (Hoogenboom 

et al., 2012).  

The CROPGRO model, a component of the DSSAT software package, was 

developed by the International Benchmark Site Network for Agrotechnology Transfer 

(IBSNAT) project (Tsuji et al., 1994). CROPGRO is a process-oriented model within 

DSSAT for general applications; it is independent of location, season and management 

systems (Boote et al., 1998; Jones et al., 1998; Jagtap and Jones, 2002). CROPGRO 

simulates effects of weather, soil water, and nitrogen content in the soil and plant on crop 

growth and yield. The model is based on the simulation of carbon, water, and nitrogen 

balances in the soil-plant systems. The simulation is dynamic, with stages of 

development, rate of growth, and partitioning of biomass each affected by weather and 
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soil states. CROPGRO has been well tested to simulate growth and development over a 

wide range of crop species. The CROPGRO model allows the user to organize and 

manipulate data and to run the models in various ways and analyze their outputs 

(Thornton et al., 1997; Jagtap and Jones, 2002; Hoogenboom, G, Jones, J, Sarkar, 2012).  

The Cropping System Model CSM-CROPGRO model is a part of the suite of 

crop simulation models that encompass the DSSAT (Jones et al., 2003; Hoogenboom et 

al., 2012). The CSM-CROPGRO-Cotton model simulates development, growth, and 

yield for cotton. The CSM-CROPGRO-Cotton model requires management, 

environment, soil, cultivar, and meteorological parameters as inputs (Hunt et al., 2001). 

After planting, the model simulates water dynamics, carbon, and nitrogen on a daily time 

scale (Jones et al., 2003). The soil water balance routine simulates daily soil water, which 

determines the irrigation timing, followed by equation 1 in the CSM-CROPGRO model. 

The ET0, which is calculated using the FAO-56 method with meteorological inputs, and 

crop coefficient in the cultivar parameters are used to estimate the irrigation amount.   
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CHAPTER Ⅲ 

MATERIALS AND METHODS 

3.1.  Study Site and Experimental Design 

 The study was conducted in a research field (33° 44' 36'' N, 101° 43' 35'' W) in the 

Southern High Plains of Texas in 2018. The experiment was implemented as a randomized 

split-plot design with irrigation as the main-plot factor and cultivar as the subplot factor. 

There were four irrigation treatments with two replications in eight irrigation zones. The 

irrigation treatment was implemented using a subsurface drip irrigation system. Three 

cultivars (FM 1911 GLT, FM 1830 GLT, and ST 4946 GLB2) were planted with three 

replications in each irrigation zone. The total length of the field was 230 meters. Each plot 

represented eight rows of cotton of ~ 8 m × 8 m. The seedling population of each plot was 

120 plants.  A 1.5-meter alley was allocated between plots. There were 120 plots in total. 

Figure 3 shows the general plots distribution and irrigation treatments. 

 The climate in this region is semiarid, with an average maximum temperature of 

23.5 °C and a minimum temperature of 8.3 °C. The average annual rainfall is 487 mm, 

mostly falling between May and September, frequently as the result of convective 

thunderstorms. The average wind speed is approximately 5.5 m s-1, and strong winds 

usually occur in winter and spring (Climate Lubbock, Texas, 2018). The dominant soil type 

at the study site was Pullman clay loam, which had good drainage and moderately high 

saturated hydraulic conductivity (DeLaune et al., 2012).  
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Figure 3. Irrigation treatments in a research field in the Southern High Plains of Texas in 

2018. (H: High, M: Medium, L: Low, VL: Very Low.) 

  H    VL    L    M      L     M   VL    H 
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3.2.  Field Management    

 Irrigation, crop, and fertilizer management practices implemented in 2018 at New 

Deal, Texas are outlined in Table 1. Four irrigation treatment were high (90% ET), 

medium (70% ET), low (45% ET), and very low (25% ET). 100% ET was defined based 

on the highest canopy ground cover under UAS remote sensing irrigation scheduling 

algorithm. Irrigation rate between May 11 and June 11 was 20 mm week-1. The UAS 

based irrigation started on June 11, 2018. All cotton varieties were planted at a seeding 

rate of 15 seeds per m per row and a row spacing of 1 meter. Seed cotton yield for each 

plot was obtained using a harvester with a weighing device.  

Table 1. Details of management practices implemented in 2018 cotton field experiment 

Management Detail 2018 

Planting Date 11 May 

Irrigation System Subsurface drip 

Irrigation Start Date 11 May 

UAS Based Irrigation Start Date 11 June 

Irrigation End Date 10 September 

Harvest Date 26 November 

Type of Fertilizer Ammonium Nitrate 

Amount of Nitrogen 73 kg ha-1 

 

3.3.  UAS Based Irrigation Scheduling Algorithm 

Figure 4 showed the algorithm of UAS based irrigation scheduling. At first, 

images were taken by the UAS and were stitched together. Then the ground cover (GC) 

was computed from the UAS images using the maximum likelihood method, while GC 

was numerically equal to Kc (Rajan and Maas, 2014). Then Kc was adjusted based on the 
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ground cover, wind speed at 2 m, minimum humidity and the cotton height. In the 

meantime, the daily ET0 was calculated based on weather data with the FAO-56 formulas 

in Allen et al. (1998). After obtaining the ET0 and Kc, the daily ETc was calculated based 

on ETc = Kcb * ET0. If there was rainfall, the daily irrigating amount equaled the ETc 

minus the effective rainfall. Otherwise, the daily irrigation for the 100% treatment is the 

ETc. Seven days of daily irrigation amounts were summed up, which would be the 

irrigation amount for the next week. 

 

Figure 4. Algorithm of UAS based irrigation scheduling 

3.4.  Spectral Crop Coefficient    

Crop water use is defined as the water used by the growing crop from 

precipitation and irrigation. Crop transpiration is the water taken up by the plant roots and 

either used in photosynthesis or lost through transpiration. In general, transpiration is 
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much higher than photosynthesis for healthy crops. The daily ETc can be estimated by 

the following Equation 3 (Rajan et al., 2010; Rajan and Maas, 2014).  

3.5.  Reference Evapotranspiration    

To calculate the crop evapotranspiration (ETc), the reference evapotranspiration 

(ET0), crop coefficient (Kc) and climatic parameters are also required. The calculation of 

ET0 and related calculations are described in FAO Irrigation and Drainage Paper No. 56 as 

follows (Allen et al., 1998). The FAO Penman-Monteith equation is as following, 

 

𝐸𝑇0 =
0.408∆(𝑅𝑛 − 𝐺) + 𝛾

900
𝑇 + 273 𝑢2(𝑒𝑠−𝑒𝑎)

∆ +  𝛾(1 + 0.34𝑢2)
 

(4) 

where 

ET0: reference evapotranspiration [mm day-1], 

G: soil heat flux density [MJ m-2 day-1], 

Rn: net radiation at the crop surface [MJ m-2 day-1], 

T: mean daily air temperature at 2 m height [°C], 

U2: wind speed at 2 m height [m s-1], 

es: saturation vapor pressure [kPa], 

ea: actual vapor pressure [kPa], 

es - ea: saturation vapor pressure deficit [kPa], 

Δ: slope vapor pressure curve [kPa °C-1], 
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ϒ: psychrometric constant [kPa °C-1]. 

On standard conditions, the effect of crop transpiration and soil evaporation are combined 

into a single Kc, 

 𝐸𝑇𝑐  =  𝐾𝑐 ∗ 𝐸𝑇0 (5) 

where 

ETc: crop evapotranspiration [mm d-1], 

Kc: crop coefficient [dimensionless], 

ET0: reference crop evapotranspiration [mm d-1]. 

Under non-standard conditions, the effects of crop transpiration and soil evaporation are 

determined separately as the following equations: 

 𝐾𝑐 = 𝐾𝑐𝑏 + 𝐾𝑒 (6) 

  𝐸𝑇𝑐 = (𝐾𝑐𝑏 + 𝐾𝑒 ) 𝐸𝑇0 (7) 

where 

 Kcb: basal crop coefficient, 

Ke: soil water evaporation coefficient, 

ETc: crop evapotranspiration [mm d-1], 

Kc: crop coefficient [dimensionless], 

ET0: reference crop evapotranspiration [mm d-1]. 
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ET0 computation and ETc adjustment were processed with a Python (Python 

Software Foundation) code followed FAO-56 methods.   

3.6.  Water Use Efficiency   

After computing the ET value of soil and crop, the next step was to compute the 

water use efficiency. WUE is commonly cited as a response mechanism of plants to 

moderate soil water deficits. WUE is defined as the yield of a plant product (Y, kg m-2) per 

unit of crop water use (water lost by ET). WUE is the outcome of an entire suite of plant 

and environmental processes operating over the life of a crop to determine both Y and ET. 

Consequently, biomass production per unit ET has been used extensively as an interim 

measure of WUE. The water use efficiency expresses as follows from: 

 
𝑊𝑈𝐸 =

𝑌

𝐸𝑇
 

(8) 

where  

WUE: Water use efficiency [kg m-3], 

Y: Yield of plant product [kg m-2], 

ET: Evapotranspiration [mm] 

Irrigation water use efficiency is expressed as follows:  

 
𝐼𝑊𝑈𝐸 =  

𝑌 − 𝑌𝐷

𝐼
 

(9) 

where 

IWUE: Irrigation water use efficiency [kg m-3], 
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Y: Dry yield under the irrigated condition [kg m-2], 

YD: Dry yield under dry condition [kg m-2], 

I: Irrigation water applied [m]         

Average seed cotton yield in dryland was 1020 kg ha-1 in SHP (Chen et al., 2016).  

3.7.  DSSAT CSM-CROPGRO-Cotton Model 

 The DSSAT (DSSAT Foundation, Gainesville, Florida, USA) Version 4.7.0 was 

used in this study. The CSM-CROPGRO-Cotton model runs a daily scale simulation on 

crop growth and development. It simulates different crop growth stages such as 

emergence, first leaf, first flower, first seed, first open boll, and 90% open boll based on 

the accumulation of heat units (Thorp et al., 2014). The CSM-CROPGRO-Cotton model 

requires a minimum data set including soil, management, environment, and cultivar 

parameters as inputs (Hunt et al., 2001) to run the program. 

3.7.1.  Cultivar parameters and calibration  

 Because the DSSAT cultivar database does not have the three cultivars used for 

this study, we used GP 3774 as a template, which was the closest cultivar that is already 

incorporated in the database for calibrating the CSM-CROPGRO-Cotton model for crop 

growth and development. A manual calibration approach was followed in which sensitive 

model parameters were adjusted and their effects on modeled processes were studied by 

visually comparing simulated versus observed leaf area index and yield data. The model 

was calibrated using observed data from the seed cotton yield data from another 

commercial field in 2017. The two fields had the same cultivar and soil parameters. 
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Selected model parameter values were compared to the previously published studies 

(Ortiz et al., 2009; Pathak et al., 2012; Thorp et al., 2014). Calibrated parameters were 

shown in Table 2.  

Table 2. CSM-CROPGRO-Cotton crop parameters calibration for the 2018 cotton 

experiments 

Parameter Description Default 

Value 

Calibrated 

Value 

PL – EM 
The time between planting and emergence (days) 4 7 

FL-LF 
Time between first flower and end of leaf expansion (days) 75 65 

FL-VS 
Time from the first flower to last leaf on the main stem (days) 75 50 

TRIFL 
Rate of the appearance of leaves on the main stem 0.2 0.3 

LFMAX 
Maximum leaf photosynthesis rate (mg CO2 m-2 s-1) 1.1 1.0 

LNGSH 
The time required for growth of individual shells 8 12 

XFRT 
The maximum fraction of daily growth that is partitioned to bolls 0.55 0.65 

KMIN 
Minimum basal crop coefficient 0 0 

KMAX 
Maximum basal crop coefficient 1.2 1.1 

 

3.7.2.  Weather data inputs  

The weather data were obtained from a weather station at the study site. Input 

weather data included daily total solar radiation (MJ m−2 day−1), maximum and minimum 

air temperature (°C), relative humanity (%), average wind speed (m s-1) and rainfall (mm 

day−1). One weather database was created based on the above weather data in the semi-

arid environment. A monthly summary weather data from January to November 2018 

was provided in Table 3.  
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Table 3. Monthly summary of weather data for a research field in the Southern High 

Plains of Texas in 2018 (January to November) [a] 

Month SRAD (MJ m−2 day−1) TMAX (°C) TMIN (°C) RAIN (mm) 

JAN 11.7 12.5 -6.7 0 

FEB 13.9 16.1 -3.1 0.3 

MAR 18.3 21.5 3.4 6.6 

APR 22.8 23.8 4.5 9.5 

MAY 24.8 32.8 15.7 11.0 

JUN 28.7 35.1 19.3 36.7 

JUL 48.2 33.9 19.9 21.9 

AUG 35.8 32.7 18.7 40.9 

SEP 34.6 28.2 15.3 56.0 

OCT 21.9 20.5 8.9 101.1 

NOV 21.9 13.3 0.9 20.6 

[a] SRAD = daily total incoming solar radiation, TMAX = maximum daily temperature, TMIN = 

minimum daily temperature, RAIN = total precipitation 

3.7.3.  Soil data inputs  

 The dominant soil type at the study site was Pullman clay loam. The soil profile 

was divided into four layers (0-13, 13-84, 84-132, and 132-200 cm) to account for 

heterogeneity in soil properties. The soil data were from Soil Survey Geographic 

Database (SSURGO) (Soil Survey Staff). Table 4 presented the soil parameters as the 

input used in the DSSAT CSM-CROPGRO-Cotton model. 

 

 

 

 

 

 

 



 Texas Tech University, Zhe Lin, August 2019 

31 

 

Table 4. Soil composition properties used for the DSSAT simulation in the cotton field in 

2018 at New Deal, Texas [a] 

Soil 

depth 

(cm) 

Master 

horizon 

Sand % Clay % Silt % Organic 

carbon % 

pH in 

water 

Bulk 

density  

(g cm-3) 

Cation 

exchange 

capacity 

(cmol kg-1) 

0 – 13 Ap 24 32 44 2.5 8.1 1.11 32 

13 - 84 Bt 17 39 46 1.8 8.1 1.17 39 

84 - 132 Btk1 22 39 39 0.3 8.1 1.33 35 

132 - 200 Btk2 20 40 40 0.3 8.1 1.32 20 

[a] Ap = A horizon which was being cultivated, Bt = B horizon with an accumulation of clay 

minerals, Btk1 = B horizon with an accumulation of clay minerals and carbonates, Btk2 = B 

horizon with an accumulation of clay minerals and carbonates 

3.8.  UAS Platforms, Sensors, Image Acquisition and Image Processing 

A DJI Phantom Pro 4 (SZ DJI Technology Co., Ltd, Shenzhen, China) was used 

to obtain images in this study (Figure 5). It has a 4K RGB camera which has a 25.4 mm 

CMOS sensor and 20M effective pixel resolution. The focal length of the camera is 35 

mm with digital image format at the highest resolution of 5472 × 3078 in 16:9 aspect 

ratio in both JPEG and DNG formats. The aperture range for this camera is between f/2.8 

and f/11. The camera is integrated with a gimbal to acquire images more stable with 

angular vibration range of ±0.02° and controllable tilt range of 30 to -90°. The total 

weight including the platform and sensor is 1400 g. The maximum flight time is about 30 

minutes. The maximum wind speed resistance is 10 m s-1.  

An automated flight plan was created in Pix4Dcapture (Pix4D S.A., Switzerland) 

with a prepared shapefile (Figure 6). Front and side overlap for the flight plan was 80%. 

The camera angle was 90°. RGB images were taken at 40 m height at local solar noon ± 

one hour. The image resolution is 1.7 cm. Flight frequency was once a week started from 

May 21, 2018. In total, 16 image acquisitions were made during the whole season. Each 
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flight length was approximately 11 minutes. Approximately 260 images were taken 

during each flight to cover the field.  

 

Figure 5. DJI Phantom Pro 4 platform with a 4K RGB camera. 

The raw UAS images were stitched using the Pix4Dmapper version 4.3.3 (Pix4D 

S.A.,  Prilly, Switzerland) after each flight. The stitched image covered the whole field 

and extra surrounding area. ArcGIS 10.5 (ESRI, Redlands, CA) was used to create a 

shapefile consisting of the field plot design. In ENVI version 5.3 (Exelis Visual 

Information Solutions, Boulder, Colorado), a plot image was made from masking out the 

stitched image using the shapefile. Therefore, the plot image excluded the extra 

surrounding area and the alley between plots. The processed image only contained the 

120 cotton plots in the field.  Cotton and soil classification was performed with the plot 

image using the maximum likelihood method in ENVI. Cotton ground cover, which was 

the ratio between the pixel number of cotton and total pixel number in the plot image, 

was computed from the classification result as following,  
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𝐺𝐶 =  

𝐶𝑜𝑡𝑡𝑜𝑛 𝑃𝑖𝑥𝑒𝑙𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑖𝑥𝑒𝑙𝑠
 

(11) 

where 

 GC: Ground cover of cotton 

 

Figure 6. UAS image acquisition flight plan in the cotton field in 2018 

 3.9.  Statistical Analysis  

Each plot was considered as a sample in the statistical analysis for the seed cotton 

yield observed data from UAS based irrigation scheduling. The irrigation rate effect and 

cultivar effect were tested using analysis of variance (ANOVA) with JMP (JMP, Version 

14. SAS Institute Inc., Cary, NC). Because the DSSAT simulation results only estimated 

average seed cotton yield and irrigation amount for each irrigation treatment and as 

heteroscedasticity prevented the use of ANOVA, a more robust approach using the paired 

t-test was used when comparing the difference of seed cotton yield, WUE and IWUE 

between the UAS remote sensing irrigation scheduling algorithm and the DSSAT 



 Texas Tech University, Zhe Lin, August 2019 

34 

 

simulation results. The average seed cotton yield, WUE and IWUE of each irrigation 

treatment was considered as a sample when using the paired t-test. The t-test had the 

advantage of eliminating the possible differences in individual crops and different 

agriculture procedures in the field (Hurlbert, 1984; Marco and Coelho, 2004).   
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CHAPTER Ⅳ 

RESULTS AND DISCUSSION 

4.1.  Ground Cover 

Figure 7 shows two examples of ground cover on June 18 and August 20, 2018. 

Green color represented the cotton plant pixels, and coral color represented the soil 

pixels. The value of GC was 0.12 on June 18 and 0.60 on August 20.  Figure 8 shows the 

GC trend during the period between UAS based on irrigation start and end. The GC 

ranged from lowest 0.12 to highest 0.62. The highest cotton ground cover was 0.62 on 

September 3, 2018, which was one week before the irrigation was stopped. The GC 

started decreasing gradually since it reached the highest value. The decreasing trend of 

GC was one of the supporting decisions to stop the irrigation. At one week after GC 

reached the maximum, more than 30% of bolls were open, which was another supporting 

decision to stop the irrigation. The highest GC was not close to 1.0 (full ground cover) 

because the ground cover was computed based on the whole plots which contained four 

different irrigation treatments. The highest ground cover for high irrigation treatment 

plots was 0.83 when the irrigation was stopped. The GC values of different cultivars were 

slightly different within the same irrigation treatment.   
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Figure 7. Ground Cover examples. Left: June 18, 2018. Right: August 20, 2018 

   

 

Figure 8. The ground cover trend between UAS based on irrigation starting and cutoff. 
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4.2.  Seed Cotton Yield 

Table 5 shows the analysis of variance results of the yield on a randomized split-

plot design with irrigation as the main-plot factor and cultivar as the subplot factor at the 

0.05 significance level. Four irrigation treatments and three cultivars were implemented 

in this study. There are two blocks, each including four irrigation treatments. For the 

main-plot factor, yield among different irrigation treatments was not significantly 

different (F = 7.772; p = 0.0631). For the subplot factor, the yields among different 

cultivars were significantly different (F = 5.182; p = 0.0086). The interaction between 

irrigation treatment and cultivar was not significant (F = 2.239; p = 0.0524). For the 

purpose of the study, the following analyses were focused on the ‘ST 4946 GLB2’ cotton 

cultivar.  

Table 5. Analysis of variance for seed cotton yield difference between UAS based 

irrigation scheduling observed data and the DSSAT simulation results.  

Source of Variation 

Sum of 

Squares DF Mean Square F Ratio 

P Value > 

F 

ET Treatments 6107936 3 2035979 7.772 0.0631 

Cultivar 827359 2 413679 5.182 0.0086* 

Block 1049943 1 1049943 4.008 0.1391 

Cultivar × ET  1072516 6 178753 2.239 0.0524 

WPE 785892 3 261964   

SPE 4470556 56 79831   

Total 14314202 71    
*: significant at 0.05 level of significance; DF: degree of freedom; F: F-statistic value; WPE: whole plot 

error; SPE: split-plot error.  

 

Wanjura et al. (2002) in a 12-year study in the SHP showed a linear relationship 

between cotton yield and irrigation amount that the average increase in seed cotton yield 

was 29.2 kg ha−1 cm−1 for irrigation amounts between 50 and 540 mm. Observed lint 

cotton yields ranged from 855 to 1630 kg ha−1. The average rainfall during the 12-year 
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study was 162 mm. According to linear relationship between cotton seed yield and 

irrigation amount, the total irrigation amount from UAS based irrigation scheduling and 

the DSSAT simulation results were used to estimate the theoretical seed cotton yield, 

WUE and IWUE, which would be used as a reference in the SHP (Table 6). Compared 

with the reference yields, observed seed cotton yields for UAS based irrigation 

scheduling algorithm were higher under all four irrigation treatments (Table 7). Paired t-

test results showed observed seed cotton yields for UAS based irrigation scheduling 

algorithm was significantly higher than the reference yields (t = -4.31, p = 0.023). Figure 

9 shows seed yield response to irrigation amount for the UAS based irrigation scheduling, 

the DSSAT simulation and Wanjura et al. (2002) study. The average increase in seed 

cotton yield was 38.2 kg ha−1 cm−1 for irrigation amounts under the UAS based irrigation 

scheduling algorithm. The trend line of the UAS based irrigation scheduling is very 

similar to the Wanjura et al. (2002), which indicates the UAS based irrigation scheduling 

is suitable for the cotton cultivar in the SHP area.  

 

 

 

 

 

 

 

 



 Texas Tech University, Zhe Lin, August 2019 

39 

 

Table 6. Comparison of observed, simulated, and reference seed cotton yield, WUE, and 

IWUE for the UAS remote sensing irrigation scheduling algorithm and the DSSAT 

simulation results [a]. 

 

  

Seed Cotton Yield 

(kg ha−1) 

 

WUE 

(kg m-3) 

 

IWUE 

(kg m-3) 

 
 

TRT 

IR 

(mm) Obs Ref Diff Obs Ref Diff Obs Ref Diff 

DSSAT 

Simulation 

High 507 3883 3621 -262 0.62 0.54 -0.08 0.53 0.48 -0.05 

Mid 406 3185 3318 133 0.60 0.58 -0.02 0.49 0.52 0.03 

Low 304 2501 3012 511 0.59 0.65 0.06 0.43 0.60 0.17 

Very Low 202 1995 2706 711 0.61 0.75 0.14 0.40 0.75 0.35 

UAS 

Based 

Algorithm 

High 372 3454 3216 -238 0.70 0.60 -0.10 0.61 0.54 -0.07 

Mid 306 3358 3018 -340 0.78 0.64 -0.14 0.71 0.59 -0.12 

Low 238 3067 2815 -252 0.85 0.70 -0.15 0.78 0.68 -0.10 

Very Low 169 2692 2607 -85 0.92 0.79 -0.13 0.88 0.83 -0.05 
[a] 

TRT: irrigation treatment, IR: irrigation amount, Obs: observed data, Ref: reference based on 

study of Wanjura et al. (2002), Diff: difference between observed and reference data 

 

Table 7. Paired t-test for seed cotton yield, WUE, and IWUE between UAS based 

irrigation scheduling and the reference study (Wanjura et al., 2002). 

Statistics Reference 

Mean 

UAS 

Mean 

Mean 

Difference 

Std 

Error 

Upper 

95% 

Lower 

95% 

t-

Ratio 

DF Prob > 

|t| 

Seed Cotton 

Yield (kg ha−1) 
2914 3142 -228 52.9 -60.1 -397.3 -4.31 3 0.0229* 

WUE  

(kg m-3) 
0.68 0.86 -0.18 0.013 -0.14 -0.22 -13.5 3 0.0009* 

IWUE  

(kg m-3) 
0.66 0.72 -0.06 0.03 0.03 -0.15 -2.14 3 0.1214 

*: significant at 0.05 level of significance, Std: standard deviation, DF: degree of freedom, Prob: 

probability  
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Figure 9. Seed yield response to irrigation amount for the UAS based irrigation 

scheduling, the DSSAT simulation and Wanjura et al. (2002) study. 

Table 8 shows that the average seed cotton yields for UAS based irrigation 

scheduling and the DSSAT simulation results were not significantly different (t = 0.067, 

p = 0.950), which demonstrated that the yield between two irrigation scheduling 

algorithms was under the same condition. The difference in mean seed cotton yield 

between UAS based irrigation and the DSSAT simulation was 15 kg ha-1, which was in 

the 95% confidence interval. Both yields for the UAS based irrigation scheduling 

algorithm and the DSSAT simulation have the same trend that yields increased with 

increased irrigation amount (Figure 9).  
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Table 8. Paired t-test results for 90% ET irrigation treatment seed cotton yield, WUE, and 

IWUE from UAS based irrigation scheduling and the DSSAT simulation results at the 

0.05 significance level.  

Statistics 
DSSAT 

Mean 

UAS 

Mean 

Mean 

Difference 

Std 

Error 

Upper 

95% 

Lower 

95% 

t-

Ratio 
DF 

Prob > 

|t| 

Seed Cotton Yield 

(kg ha−1) 
3128 3143 15 221.7 690.7 -720.7 -0.067 3 0.9503 

Weekly Irrigation 

Amount (mm) 
37.3 19.4 17.9 2.5 12.5 23.3 -7.221 12 <.0001* 

WUE  

(kg m-3) 
0.63 0.86 0.23 0.03 0.14 0.31 -8.37 3 0.0036* 

IWUE  

(kg m-3) 
0.45 0.72 0.27 0.05 0.11 0.42 -5.53 3 0.0116* 

*: significant at 0.05 level of significance, Std: standard deviation, DF: degree of freedom, Prob: 

probability  

 

 

Figure 10. Average seed cotton yield of four irrigation treatments for DSSAT simulation 

and UAS based irrigation algorithm. 
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The seed cotton yields for irrigation treatments simulated by DSSAT were all less 

than the UAS based seed cotton yields except for the high irrigation treatment. DSSAT 

simulation yield was 13% higher than the UAS based yield on high irrigation treatment 

(Figure 10). DSSAT simulation might overestimate yield on high irrigation even though 

the DSSAT model was using the same weather data as UAS based irrigation algorithm, 

the soil and cultivar parameters still had differences. The soil parameters used in DSSAT 

simulation were from the Soil Survey Geographic Database. SSURGO data only 

provided a general soil profile, which cannot represent the same Pullman clay loam soil 

characteristics in the cotton field in New Deal. For more precise and accurate estimation, 

in-field soil sample collection and lab soil analysis are preferred (Wang and Melesse, 

2006; Anderson et al., 2006). Because the DSSAT did not contain the cultivar used in this 

study in the database, a similar cultivar was chosen and calibrated. The uncertainty of the 

estimated cultivar parameters could translate the uncertainty into the simulated outputs 

(Pathak et al., 2012). Also, the DSSAT simulation considered soil-plant-atmosphere 

module when estimating the yield. Some research showed that the seed cotton yield from 

DSSAT simulation had better performance with higher ET treatments (Thorp et al., 2014; 

Adhikari et al., 2016). Modala et al. (2015) found the DSSAT CSM-CROPGRO-Cotton 

model had a limitation in accurately predicting seed cotton yield under mild to dry 

conditions because the model’s ET routines were unsatisfactory for the ET simulation.  

4.3.  Irrigation Amount, Rainfall, and Total ET 

Total rainfall for UAS based irrigation scheduling algorithm and DSSAT 

simulation were the same because both algorithms used the same weather data (Table 9). 
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The irrigation amounts and timing for both UAS based irrigation scheduling algorithm 

and the DSSAT simulation after planting is shown in Figure 11. The irrigation amount 

between May 11 and June 10 for both algorithms was the same. Starting from June 11, 

the field was irrigated based on the UAS based algorithm. Table 8 shows that the high 

weekly irrigation amount on UAS based irrigation scheduling and the DSSAT simulation 

were significantly different (t = -7.22, p < 0.0001). The difference in mean weekly 

irrigation amount for high irrigation treatment between UAS based irrigation scheduling 

algorithm and the DSSAT simulation results was 17.9 mm, which was not in the 95% 

confidence interval.  

Table 9. Summary of evapotranspiration (ET), rainfall for DSSAT simulation results and 

UAS based irrigation algorithm. 

 Irrigation Treatment Rainfall (mm) Total ET (mm) 

DSSAT 

Simulation 

High 123 630 

Medium 123 529 

Low 123 427 

Very Low 123 325 

UAS Based 

Algorithm 

High 123 495 

Medium 123 429 

Low 123 361 

Very Low 123 292 
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Figure 11. Irrigation amount for DSSAT simulation and UAS based irrigation algorithm. 

Figure 12 shows the total irrigation amounts for the four irrigation treatments for 

both UAS based irrigation scheduling algorithm and the DSSAT simulation. The total 

irrigation amount of the UAS based irrigation scheduling algorithm was 36%, 32.7%, 

27.8% and 19.5% less than the DSSAT simulation on high, medium, low, and very low 

irrigation treatments, respectively. The reason might be that the Kc used in UAS based 

irrigation scheduling algorithm was much smaller than the Kc used in DSSAT simulation, 

although the two algorithms used the same FAO-56 method to estimate ET0,. The highest 

value of Kc in UAS based irrigation scheduling algorithm was 0.82, while the highest 

value of Kc used in DSSAT model was 1.1. Because both algorithms used the same 

weather data, the daily ET0 were the same for both algorithm. UAS based irrigation 

scheduling algorithm applied less irrigation based on lower values of Kc.  
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Another reason for this difference in irrigation amount could be that DSSAT 

estimated soil evaporation and plant transpiration separately in the soil-plant-atmosphere 

module (Ritchie, 1972). Soil evaporation was estimated by the soil water balance routine, 

which followed Equation 1 and which assumed complete infiltration of applied irrigation. 

Potential plant transpiration was calculated as a function of ET0 and light intercepted by 

the canopy (Hoogenboom et al., 2010). DSSAT simulation combined soil, plant and 

atmosphere as a whole system when estimating irrigation amount and timing, while the 

UAS based irrigation scheduling algorithm ignored soil evaporation because the 

subsurface drip irrigation system was used (Lamm and Trooien, 2003).  

 

Figure 12. Total irrigation amount of four irrigation treatments for DSSAT simulation 

and UAS based irrigation algorithm. 
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4.4.  WUE and IWUE 

 Table 6 showed that WUE decreased with increased irrigation amounts for the 

UAS based irrigation scheduling algorithm and the reference, a trend that was also 

observed in other studies (DeLaune et al., 2012; Modala et al., 2015). The trend for WUE 

was different for the DSSAT estimated results (Figure 13). The WUE of high and low 

irrigation treatments was higher than the other two treatments. For all irrigation 

treatments, cotton WUE based on UAS remote sensing irrigation scheduling was greater 

than that based on DSSAT simulated results and the reference. The difference in WUE 

between UAS based irrigation scheduling and the DSSAT simulation was significantly 

different (t = -8.3654, p = 0.0036) (Table 8). The difference in mean WUE of UAS based 

irrigation and the DSSAT simulation was 0.23 kg m-3, which was not in the 95% 

confidence interval. Table 8 shows the difference of WUE between UAS based irrigation 

scheduling and the reference was significantly different (mean difference = 0.18 kg m-3, = 

-13.50, p = 0.0036). These results indicated that the UAS based irrigation scheduling 

algorithm could potentially improve or at least maintain WUE and cotton yield under the 

same irrigation amount. 
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Figure 13. WUE of four irrigation treatments for DSSAT simulation and UAS based 

irrigation algorithm. 

The IWUE decreased with increased irrigation amounts for the UAS based 

irrigation scheduling algorithm and the reference (Table 8), a trend that was also 

observed in other studies (DeLaune et al., 2012; Modala et al., 2015). However, the 

IWUE decreased with decreased irrigation amounts for the DSSAT simulation (Figure 

14). The highest IWUE for DSSAT simulation was on high irrigation treatments. The 

DSSAT model overestimated yield on the high irrigation treatment and underestimated 

yield on the low irrigation treatment, which might be the reason for the opposite trend of 

IWUE. For all irrigation treatments, cotton IWUE based on UAS remote sensing 

irrigation scheduling was greater than that based on DSSAT simulated results and the 

reference. Table 8 showed that the values of IWUE for UAS based irrigation scheduling 

and the DSSAT simulation was significantly different (mean difference = 0.27 kg m-3; t = 
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significant water saving was achieved without seriously affecting crop yield by adopting 

deficit irrigation scheduling under normal weather conditions based on the DSSAT 

calibrated CSM-CROPGRO-Cotton model. This result indicated that under deficit 

irrigation, using UAS based irrigation scheduling can conserve more water without 

severely affecting seed cotton yield compared with the DSSAT simulation results.  

 

Figure 14. IWUE of four irrigation treatments for DSSAT simulation and UAS based 

irrigation algorithm. 
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CHAPTER Ⅴ 

CONCLUSION 

This study explored the feasibility of the application of UAS in irrigation 

scheduling. A UAS remote sensing based irrigation scheduling algorithm was developed 

and tested in the Southern High Plains in 2018. The algorithm incorporated the FAO-56 

reference evapotranspiration method and crop coefficient derived from high-resolution 

UAS images into the computation of crop water requirement. This algorithm was 

integrated into a Python script for irrigation scheduling. The algorithm was implemented 

in an experiment with four irrigation treatments. The performance of this algorithm was 

evaluated as compared to reference yield from a long-term study in this area and 

simulation results from the DSSAT CSM-CROPGRO-Cotton model, with respect to 

cotton yield, water use, water use efficiency, and irrigation water use efficiency.  

Compared with the reference yields, observed seed cotton yields for UAS based 

irrigation scheduling were higher by 7.4%, 11.3%, 9.0%, and 3.3% for high, medium, 

low, and very low irrigation treatment, respectively. The total irrigation amount of the 

UAS based irrigation was 36%, 32.7%, 27.8% and 19.5% less than the DSSAT 

simulation on high, medium, low, and very low irrigation treatment, respectively. The 

values of WUE for UAS based irrigation were higher by 12.9%, 30.1%, 44.1%, and 

50.8% for high, medium, low, and very low irrigation treatment compared to the DSSAT 

simulation, respectively. Higher yield using less water was achieved under the UAS 

remote sensing irrigation scheduling as compared to the DSSAT simulation.  
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Both UAS based irrigation scheduling algorithm and DSSAT model used the 

same meteorological data to calculate reference evapotranspiration using the FAO-56 

method. The main difference for the UAS based irrigation scheduling algorithm was the 

weekly dynamic crop coefficient, which was computed from the canopy ground cover 

that was generated from UAS images. Therefore, UAS remote sensing provides high-

resolution images for deriving crop coefficients to compute accurate water requirements 

at various crop growth stages. Irrigation scheduling with UAS images has the potential to 

improve water use efficiency, conserve water and enhance production sustainability. 

Future multiple years studies are required to fully evaluate the performance of the UAS 

based irrigation scheduling algorithm in different weather conditions. This study was 

implemented with a subsurface drip irrigation system, under which condition we could 

ignore soil evaporation when calculating the reference evapotranspiration. Future studies 

under different irrigation systems especially LEPA irrigation, which is commonly used in 

commercial fields, are needed to assess the performance of UAS based irrigation 

scheduling algorithm. Further, a comparison with crops under full irrigation is necessary 

to evaluate the WUE under different irrigation scheduling algorithms. Incorporation of 

UAS and satellite remote sensing were needed to determine the optimal resolution 

requirement at various scales. Future studies with other crops are recommended to test 

the robustness of the UAS based irrigation scheduling algorithm.  
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APPENDIX A 

Python code for UAS based irrigation scheduling algorithm 

import math 

from datetime import date 

import pandas as pd 

import numpy as np 

 

G = 0      #Soil heat flux, daily value assumes to 0  

# Latitude 

ELEV =1000  

LAT = 33.7373 

Gsc = 0.082 #Solar constant (MJ/min m2) 

SIGMA = 4.903e-9 #Stefan Boltzmann constant (MJ/day m2 K4) 

fw = 0.3 #fraction of soil surface wetted by irrigation or precipitation 

TEW = 24 #silt clay loam total evaporable water [mm] 

REW = 10 #silt clay loam readily evaporable water [mm] 

ET=[] 

 

def ET0_Cal(ELEV,LAT,ALBEDO=0.23): 

    #Calculate the Psychrometric constant 

    #atmospheric pressure (kpa), FAO-56 Eq.7 

    P = 101.3*(pow(((293-0.0065*ELEV)/293),5.26)) 

    #Psychrometric constant (kPa/deg C), FAO-56 Eq. 8 

    GAMMA = 0.665e-3*P   

    LATI = (LAT*math.pi)/180 

    #Convert temperature from Degree F to Degree C 

    #TMAXC = (TMAXF - 32)/1.8    

    #TMINC = (TMINF - 32)/1.8  

    TAVEC = (TMAXC + TMINC)/2 

     

    #Calculate the vapor pressure deficit 

    #Daily saturation vapor pressure at maximum temperature(SATVP,kPa) FAO-56 Eq.11 

    VP_Sat_MAX = 0.6108*math.exp((17.27*TMAXC) / (TMAXC+237.3))   

    #Daily saturation vapor pressure at minimum temperature(SATVP,kPa) FAO-56 Eq.11 

    VP_Sat_MIN = 0.6108*math.exp((17.27*TMINC) / (TMINC+237.3))   

    #Daily saturation vapor pressure (SATVP, kPa) FAO-56 Eq. 11 

    VP_Sat = (VP_Sat_MAX + VP_Sat_MIN) / 2  

    #Daily average actual vapor pressure (VP, kPa) FAo-56 Eq. 17 

    VP_A = (VP_Sat_MAX*RH_MIN/100 + VP_Sat_MIN*RH_MAX/100) /2      

    VP_D = VP_Sat - VP_A  #Vapor pressure deficit (kPa) 

     

    #Calculate the slope of saturation vapor pressure curve (kPa/deg C) 

    DELTA = (4098 * (0.6108 * math.exp((17.27 * TAVEC) / (TAVEC + 237.3)))) 

        / pow((TAVEC + 237.3),2 )  #FAO-56 Eq.13 

     

    #Calculate net radiation 

    #Inverse relative distance Earth-Sun  FAO-56 Eq.23 

    Dr = 1 + 0.033 * math.cos(2*math.pi*J/365)    

    #Solar declination (radius)           FAO-56 Eq.24 

    Delta = 0.409 * math.sin((2 * math.pi * J)/ 365 - 1.39)  
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    #Sunset hour angle (radius)           FAO-56 Eq.25 

    OMEGA = math.acos(math.tan(LATI)*math.tan(Delta)*-1)      

    # Extraterrestrial radiation 

    Ra = (24*60/math.pi)*Gsc*Dr*(OMEGA*math.sin(LATI)*math.sin(Delta) 

        + math.cos(LATI)*math.cos(Delta)*math.sin(OMEGA)) #FAO-56 Eq.21 

 

    N = 24 * OMEGA/math.pi  # Daylight hours  FAo-56 Eq.34 

    Rso = (0.75 + 2e-5 * ELEV)*Ra #solar radiation (MJ/day m2) FAO-56 Eq.37 

    Rns = (1 - ALBEDO)*Rs  #Net shortwave radiation (MJ/day m2) FAO-56 Eq.38 

    #Net longwave radiation   (MJ/day m2)   FAO-56 Eq.39 

    Rnl = SIGMA * ((pow((TMAXC+273),4) + pow((TMINC+273),4)/2))  

        * (0.34 - 0.14 * math.sqrt(VP_A)) * (1.35 * (Rs/Rso) - 0.35) 

    Rn = Rns - Rnl #Net radiation (MJ/day m2)   FAO-56 Eq.40 

     

    #Calculate the ET0 (mm/day)  FAO-56 Eq.5 

    ET0 = ( 0.408 * DELTA * (Rn - G) + GAMMA * (900 / (TAVEC + 273)) * U2 * VP_D ) 

        / (DELTA + GAMMA * (1 + 0.34 * U2)) 

    ET0_inch = ET0 / 25.4 

     

    return round(ET0,4)  

 

 

def ETC_cal(height,GC): 

    kc_max = max((1.1+(0.04*(U2 - 2)-0.004*(RH_MIN-45))*pow((height/3),3)),(GC+0.05)) 

    few = min((1-GC),(1-(2/3)*GC)*0.3) 

    ke = min(((kc_max - GC)),few*kc_max) 

    kcb= GC + (0.04*(U2 - 2) - 0.004*(RH_MIN - 45))*pow((height/3),3) 

    ETC = (kcb + ke)*ET_0  

    return ETC 

 

df = pd.read_excel(r'D:\Projects\NewDeal\2018\weather data\NewDealWeather180618.xlsx') 

df['Date']= df['Timestamp'].dt.date 

df['DOY'] = df['Timestamp'].dt.dayofyear 

Tmax=df.groupby(['Date'])['°C Air Temperature'].max().tolist() 

Tmin=df.groupby(['Date'])['°C Air Temperature'].min().tolist() 

RHmax=df.groupby(['Date'])['RH Relative Humidity'].max().tolist() 

RHmin=df.groupby(['Date'])['RH Relative Humidity'].min().tolist() 

WS=df.groupby(['Date'])['m/s Wind Speed'].mean().tolist() 

SR=df.groupby(['Date'])['W/m² Solar Radiation'].mean() 

SR = (SR/11.6).tolist() 

DOY= df.groupby(['Date'])['DOY'].mean().tolist() 

RF = float(df['mm Precipitation'].sum()) 

 

height = float(input("Enter the Canopy Height (m)")) 

GC = float(input("Enter the Ground Cover")) 

 

if RF < 25.4:  

    ER = round(((RF*0.9)),2) 

else: 

    ER = round(((RF*0.85)),2) 

     

print("The Effective Rainfall for last week is", ER, "mm") 
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ET0 = [] 

ETc = [] 

for i in range(len(Tmax)): 

    TMAXC = Tmax[i] 

    TMINC = Tmin[i] 

    RH_MAX = RHmax[i] 

    RH_MIN = RHmin[i] 

    U2 = WS[i] 

    Rs = SR[i] 

    J =  DOY[i] 

    ET_0 = ET0_Cal(ELEV,LAT) 

    ET0.append(ET_0) 

    ETc.append(ETC_cal(height,GC)) 

 

weekET0 = np.mean(ET0)*len(Tmax) 

weekETCa = np.mean(ETc)*len(Tmax) 

weekETC = weekET0*0.42 

 

 

print("The weekly ETCa is",round(weekETCa,2),"mm") 

print("The weekly ET0 is",round(weekET0,2),"mm") 

if weekETCa> ER: 

    print("The weekly irrigation for 100% ET Zones is:",  

          round((weekETCa-ER),2) , "mm") 

    print("The weekly irrigation for 75% ET Zones is:",  

          round((weekETCa-ER)*0.75,2) , "mm") 

    print("The weekly irrigation for 50% ET Zones is:",  

          round((weekETCa-ER)*0.5,2) , "mm") 

    print("The weekly irrigation for 25% ET Zone is:",  

          round((weekETCa-ER)*0.25,2), "mm" ) 

else: 

    print("No irrigation for Reference ET Zones") 


