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ABSTRACT 
 

The global population continues to grow in both number and impact per capita on the 

environment, exerting more pressure on already degraded lands. Moreover, climate 

emergency impacts on the environment demand immediate actions to preserve our 

civilization. Agriculture accounts for 69% of total human water withdrawal, ranking first 

by consumptive water use among major economic sectors. Thus, any improvement to 

agricultural water management can significantly save water, contributing to enhance and 

secure food production. The consolidation and the emergence of new technologies as 

computer modeling and remote sensing (RS) allow us to analyze and simulate different 

strategies, expediting improvements to agricultural water management.  

 

In this research, HYDRUS-2D computer model was used to analyze and develop 

improved water management practices for leaching salts on saline agricultural soils. 

HYDRUS-2D simulations represented the actual conditions properly, producing similar 

salinity patterns and flow lines to those of registered on the lab experiments. Those results 

were further validated by the good agreement when comparing the breakthrough curves, 

which is a more quantitative way to compare results. HYDRUS-2D models were developed 

to simulate and test an alternative method to leach salts. Compared to traditional leaching, 

both improved strategies reduce water consumption, off-site pollution, and save time.  

 

Also, aiming to improve agricultural irrigation management, a novel RS approach was 

proposed, and pilot tested. Using RS data from UAS and Satellites, a new trapezoidal space 

was developed from the near-infrared transformed reflectance (NTR) and normalized 
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difference vegetation index (NDVI) data to estimate and map of soil moisture (SM). The 

estimated SM was evaluated against in situ observations from TDR sensors and a 

traditional RS approach based on thermal data and NDVI. SM from the novel approach 

was further compared to SM estimates from the traditional surface temperature-NDVI 

approach. Also, HYDRUS-2D numerical simulations were conducted to evaluate SM 

distribution throughout the soil profile. Results indicate that the NTR-NDVI estimation 

accuracy varies with soil depth, with r between 0.18 and 0.93 and RMSE between 0.02 and 

0.18 cm3 cm-3. The best estimations using UAS- and Satellite-based NTR-NDVI approach 

were obtained for the near surface soil layer. The NTR-NDVI SM estimates were 

comparable to LST-NDVI SM. Root-zone SM and fractional PEW maps’ spatial variability 

depended on the resolution of the source data used. The generated high spatial resolution 

root-zone SM and PEW maps enable crop producers to increase water productivity by 

applying water more precisely and reducing environmental impacts.  
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CHAPTER 1. INTRODUCTION 
  

Agricultural production provides most of the food humanity needs. Despite substantial 

progress made, still, more than 10% of our current 7 billion world population are 

undernourished. Moreover, the population is expected not only to reach ca. 10 billion by 

2050, but also to increase its demand for animal-derived products, which require copious 

water resources (Alexandratos & Bruisma, 2012; Mottet & Tempio, 2017). Over the last 

decades, agriculture production has mainly increased due to higher productivities, as urban 

growth and land degradation counterbalance any small addition of new agricultural land 

(Foley et al., 2011). Nevertheless, incorporating land into agriculture, i.e., favoring its 

capacity to produce food and fiber, concurrently impairs other environmental services 

performed by such land, including carbon capture, water retention, or biodiversity support 

(IPBES, 2018). As agricultural practices intensify, they can degrade the land, even severely 

impeding food and fiber production themselves. Also, land and soil status can hardly be 

detangled, and so degraded land implies degraded soils (Jenny, 1980). Land degradation, 

due to human activities, has affected past societies as in Mesopotamia (Altaweel, 2013; 

Sinha et al., 2019) or Central America (Turner & Sabloff, 2012) and still severely disrupts 

many modern communities like those in the Murray-Darling Basin, Australia, causing, at 

a global scale, an estimated 10% loss on GDP (IPBES, 2018). Therefore, agricultural soil 

and water management practices should be evaluated in both its short and long terms 

effects, as well as its local and off-site impacts to minimize land degradation, ensure food 

security, and alleviate rural poverty (Sayer & Cassman, 2013).  
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As the population grew, humanity caused more profound and global impacts on the 

environment, which, since the industrial revolution accelerated dramatically. According to 

Cooper et al. (2018), during the past century, humans became the major global geological 

driving force. Key features of the current era, the Anthropocene, are related to human 

activities. Some anthropogenic environmental impacts in agriculture include the increase 

in erosion rates, pollution by persistent pesticides, and changes in the N, P, and C cycles 

(Zalasiewicz et al., 2018). In particular, changes in the C cycle, mainly due to fossil fuels 

use, have led to global warming, causing a climate emergency. 

 

According to Summerhayes & Zalsiewicz (2018), the current global climate condition 

should be tending toward colder temperatures, yet temperature has risen. If no immediate 

action is taken, climate models forecast that productive Mediterranean climate areas will 

become drier, sea level will rise, and the sea will continue to acidify (IPCC, 2019). 

Nevertheless, actual consequences can develop faster (Lenton et al., 2019) and be even 

worse than what has been projected so far. Climate models used to develop these 

projections might be too conservative due to the inherent scientific skepticism and the 

political pressure of interested groups (Dunlop and Spratt, 2017).  

 

Global warming, due to climate change, is also expected to complicate further meeting 

humanity’s food needs because of the significant impacts on major crops’ production. 

Elliot et al. (2014) estimate that current heavily irrigated land will be affected by lack of 

water, forcing ample investments to develop any favored land to make up for the losses. 

As a reference, while Americans, which ranks among the highest water consumers by 
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country worldwide, consume on average, 140 L/day, a hectare of corn can demand more 

than 100,000 L/day, which would cover daily demand from more than 700 Americans. 

Currently, ca. 308 million hectares are irrigated worldwide (ICID, 2018). Therefore, 

improving agricultural water management can significantly save water, enhance, and 

secure food production. In turn, water saved could be allocated to strengthen municipal 

water security, to be used in other productive sectors, to preserve the environment, or to 

increase agricultural production.  

 

However, any adjustments in agricultural management must be carefully planned. 

Crop water supply is the utmost critical factor in agricultural production; the majority of 

the water consumed by plants is used to cool themselves down by transpiration. Thus, water 

management is critical, as soil water availability for crops impacts both the quality and 

quantity of production. Poor water management will counterbalance the positive effects of 

most, if not, all agricultural practices. An uncontrolled lack of water in the soil affects 

plants’ metabolism; an excess of water will harm most crops, too, by impeding plants’ roots 

oxygenation instead. Thus, securing and improving soil water availability for crops is 

usually done by irrigation and drainage practices.  

 

In general, irrigation supplies water to keep soil’s water on a high energy status, easing 

its uptake by crops’ roots, and thus minimizing their corresponding energy consumption. 

In soil, water energy status is usually expressed as soil water potential, which has a negative 

value under most agricultural conditions. On the other hand, drainage practices aim to 

remove the excess of water on soil porosity facilitating adequate soil oxygenation. Oxygen 
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diffuses too slowly in water to cover the needs of most crops’ roots. Low oxygen 

concentration or hypoxia forces roots to use a less efficient anaerobic metabolism; hypoxia 

can cause damage, even root and whole plant death, depending on exposure extension, 

type, status, and growth stage of the crop along with prevalent environmental conditions. 

Saturated soil porosity mostly corresponds to zero or even positive values of soil water 

potential. Most crops are neither profitable under too low soil water potential, nor under 

extended periods of waterlogging. In summary, they thrive just under a narrow range within 

all the possible soil water potential values observable under unmanaged conditions. In the 

past, agricultural water management has mainly aimed to properly balance air and water in 

the soil to maximize crop net energy gain and its translation into crop profitability. 

However, public regulations and commercial policies increasingly impose not only to 

reduce the quantity but also preserve the quality of water resources employed. Climate 

change is expected to accelerate the adoption of stricter environmental regulations for 

water use efficiency and reduce both on- and off-site pollution. 

 

Surface irrigation methods, where water is distributed by gravity, are still the most 

commonly used both in the U.S. and the rest of the World. In border irrigation, a surface 

Irrigation method, water is applied in large quantities flooding the surface of rectangular 

fields. Well designed and operated border irrigation systems can achieve efficiencies above 

80%, but, regularly, they perform well below that level, mainly due to surface runoff and 

excessive deep percolation. The latter can further promote salinity problems when soils are 

not well-drained, as salts accumulate in the root zone due to water evaporation. 
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Irrigation water rarely consists of pure water, but even in that case, it would interact 

with the solid particles of the soil, dissolving minerals. Ions dissolved in soil water can 

affect crops by interfering with the supply of essential elements for the plants, by causing 

direct toxic effects on tissues, and by reducing soil water potential. The latter is known as 

the osmotic effect of soil salinity. Soil salinity can significantly affect both crop yield and 

its quality, depending on the tolerance of the crop and prevalent environmental conditions 

(Pankova et al., 2018). From a worldwide perspective, ca. 23% of the cultivated lands are 

already saline, while 37% are estimated to be sodic, which restricts crops potential yield in 

over 100 countries (Tanji and Wallender, 2012). Continuous desertification, urban and 

industrial growth, global warming and water shortage lead to the use of increasingly saline 

waters for irrigation in arid and semiarid lands. Irrigation using these naturally or man 

produced saline waters leads to higher ions concentration in soils, inducing salinity 

problems. Saline soils impose a higher energy consumption burden on crops to tolerate 

such conditions, thus lowering their potential productivity. 

  

Arid and semiarid lands are especially susceptible to salinization because of their 

naturally lower water supply from precipitation, lower quality of alternative water sources, 

and high crops' water demands, i.e., evapotranspiration. However, if crop 

evapotranspiration is adequately covered and salinity controlled, these lands can be among 

the most productive. Soil salinity is usually controlled by leaching the excess of salts, 

reducing it to a level such that crop tolerance allows them to be still potentially profitable. 

Leaching requires the application of high amounts of waters, on top of crop 
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evapotranspiration, which usually saturates the rootzone affecting most crops. Thus, 

drainage systems are needed to improve soil water management. 

  

Conventional leaching consists of flooding the whole surface to leach out the excess 

of ions from the root zone. However, there is significant evidence that this method 

concentrates the leaching in the area around the drain (Montagne et al., 2009). Excessive 

leaching around drains is caused by a larger hydraulic gradient on this area, lowering 

leaching efficiency and increasing off-site pollution by the ions and chemicals removed on 

the leachate. Improved strategies to achieve more uniform leaching including physical 

barriers (Yu et al., 2018), differentiated hydraulic heads (Barua & Alam, 2013), and Partial 

sequential ponding (PSP) (Youngs & Leeds-Harrison, 2000) have been proposed as more 

efficient alternatives. However, these, as any other water management strategy, should be 

validated for varied soil conditions before they become of widespread use, which is 

expensive and time-consuming.  

  

The development of computer numerical modeling tools, e.g., DRAINMOD, 

HYDRUS, MACRO, among others, has allowed the simulation of complex processes, such 

as the coupled movement of ions and water within the soil, as discussed by Köhne et al. 

(2009a, 2009b). However, there is still progress to be made (Vereecken et al., 2016), 

especially regarding the inclusion of relevant soil biological processes (Robinson et al., 

2019). HYDRUS-2D (Šimůnek et al., 1999) is a computer model that uses finite elements 

to simulate two-dimensional water flow and solute transport in uniform or multi-layered 

unsaturated, partially, and fully saturated soil systems. The program numerically solves 
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Richard's equation for water flow and uses a Fickian-based advection-dispersion equation 

for solute transport. This computer model has been successfully used to simulate and study 

different water management strategies, as summarized by Šimůnek et al. (2016). Still, 

HYDRUS requires accurate soil data to provide representative results of the actual field 

conditions. This data is traditionally obtained from point samples, in a usually limited 

number, due to the difficulties and resources involved in the sampling and analysis 

processes. Therefore, traditional sampling and field measurements tent to have either low 

spatial, or low temporal definition, or both. These limitations carry over to the decisions 

made based on the information generated from them.  

 

A different approach to obtain data is using proximal or remote sensing (RS). RS 

methods capture data on different bands of the electromagnetic spectrum, as discussed by 

Sadeghi et al. (2018). Traditionally, RS was based on photographic or microwave 

(RADAR) sensors mounted on either airplanes or satellites. Currently, passive sensors 

include Hyperspectral, Multispectral, Panchromatic, Infrared, Short Wavelength Infrared, 

while active sensors include electromagnetic induction, LiDAR, and SONAR (Jensen, 

2016). Unmanned Air Systems (UAS) are also increasingly used as sensors platform. In 

general, RS allows for faster and cost-effective solutions to obtain relevant information 

over larger areas. RS has been used in agriculture mostly in research but is increasingly 

used at the commercial level to survey soils, vegetation, estimate yields, among othersam. 

Most of the RS based irrigation management research has been done on a larger than farm-

scale basis. The difficulties in adopting precision agriculture based on RS data are 

discussed by Palazzi et al. (2019). In general, the lack of either spatial, temporal, or both 
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resolution and the effect of clouds, has impeded to obtain the data needed adequately. 

Moreover, the lack of trained personnel and equipment at the farm level, due to associated 

costs, has further hampered its broader adoption. However, a new generation of satellites, 

the massification of UAS, and the building up of a critical mass of trained personnel are 

making it feasible for advanced economies.  

 

Jensen (2016) estimates that, based on the state-of-the-art, RS is still in an intermediate 

stage of technology development. Aasen et al. (2018), referring in particular at UAS based 

RS, support this idea by acknowledging that widely accepted good practices procedures 

are still missing, as well as a common framework, to ensure that data quality obtained using 

proven science-based procedures prevail; this idea is supported by their discussion on how 

inherent variability caused by environmental factors can be further enhanced by those of 

the sensors used, preprocessing procedures, and standards used. RS can be coupled to 

advanced computational data analysis techniques, including machine learning algorithms 

to automate its analysis and potentially even the decision-making process, as is now 

routinely done in other fields as the review of applications for bank credit.  

 

Current and future RS platforms are providing a volume, variety, and velocity of data 

that traditional database management cannot take full advantage. Big data (BD) refer to the 

gathering, processing and analysis of data sets that are too large and complex for traditional 

data management software. BD in Agriculture is also at an early stage, based on the 

scientific studies published and the commercial services available (Kamilaris et al., 2017). 

Weersink et al. (2018) summarizes many of the challenges of BD with a focus on developed 
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countries; among the most pressing is the lack of communication infrastructure in rural 

areas, lack of standard protocols, asymmetric market information, data governance, 

shortage of skilled workforce. BD potential on improving agricultural water management 

lies in its capacity to provide relevant information that otherwise might not be evident from 

analyzing separate datasets, as in current precision agriculture. Precision agriculture in its 

current stage is based mostly on data generated within farm limits, and it provides most of 

its benefits over the same productive unit. According to Turland & Slade (2019), achieving 

BD full potential depends on integrating farm generated data with others from near and 

distant units, and also RS data. Nevertheless, these authors also found that farmers would 

instead share data with universities than companies or the government. However, 

companies can easily overcome this situation by providing small monetary or service 

incentives. Sonka (2016) estimates that current data capturing and analysis tools, such as 

RS, artificial intelligence, and BD, will offer more value than their cost, finally overcoming 

traditional agricultural management based mostly on price and quantity information. 

However, Turland & Slade (2019) say that the latter naturally lead the BD market into an 

oligopoly. If the BD market is not adequately regulated, this can reduce the BD value 

proposition, and the service providers will capture more wealth than they would on a 

perfect market. 

 

1.1. PROBLEM STATEMENT 

Overhauling agricultural practices will require excessive use of technology to assess, 

develop, and improve current ones to make a breakthrough in this emergency. Proximal 

and remote sensing techniques can provide relevant data for this purpose. They are 
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considered key to improve irrigation scheduling, yet they are still far from being widely 

adopted at the farm level, even on prosperous economies. The massification of unmanned 

air systems (UAS) and sophisticated sensors provides opportunities to finally achieve 

widespread use of these technologies. However, data processing protocols and techniques 

are not fully developed yet. Likewise, advanced computational techniques allow now for 

processing large datasets or model complex environmental processes. Currently, available 

computer models can simulate water and solute fluxes in soil, which can be used to 

develop, assess, and improve current agricultural water management practices. 

 

1.2. OBJECTIVES AND INTRODUCTION OF MANUSCRIPTS 

This study focusses on improving agricultural water management by applying 

computer modeling and remote sensing to enhance both global food and water security. 

The study was divided into two parts. The first focus on improving water use efficiency on 

reclaiming agricultural salt-affected soils. HYDRUS-2D computer modeling was used to 

analyze traditional, partial sequential ponding and a similar approach, but using sprinkler 

instead of surface irrigation. This part is presented in Appendix 1 and covers the following 

specific objectives: 1) to evaluate the efficiency of the PSP technique in variably saturated 

flow by HYDRUS-2D modeling, 2) to analyze the predicted salinity patterns and contrast 

breakthrough curves obtained by HYDRUS-2D against laboratory measurements, and 3) 

to provide a basis to develop reliable tests in the field. 

 

Part two of the study is compiled in Appendix 2 and consisted of remote sensing use 

to improve irrigation management to enhance both global and water security. Data captured 
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by proximal and remote sensing was used to evaluate, using GIS and computer modeling, 

crop water availability using a novel approach. A case study using actual data from a Wheat 

crop is presented in Appendix 2, testing the proposed methodology for its potential on 

improving irrigation management at the farm level. The specific objectives of this part are: 

(1) develop an optical UAS/Satellite-based approach (NTR-NDVI) using NIR data for 

farm-scale estimating, monitoring, and mapping soil moisture and plant available water, 

(2) compare the NTR-NDVI outputs against in situ sensor measurements for irrigation 

scheduling, (3) evaluate the performance of this new model against the traditional LST-

NDVI estimates from UAS-assisted thermal infrared imagery, and (4) simulate profile soil 

moisture dynamics using HYDRUS-2D. 
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1.3 SUMMARY OF PAPER 1  

 

The first paper, titled “Optimizing zone leaching for salinity control using partial 

sequential ponding (PSP) method and numerical simulations,” summarizes the work done 

on validating PSP using computer modeling. HYDRUS-2D was used to model PSP 

laboratory experiments aiming to test its ability to simulate such conditions. The lab 

experiments compared several strategies to leach salts from agricultural saline soil profiles 

represented in scale by sand tanks, using Potassium Chloride (KCl) as the salt. HYDRUS-

2D was parametrized using measured soil properties, to increase accuracy, and the results 

obtained were compared to those of the actual laboratory experiments. The results from 

simulations were evaluated comparing salt distribution patterns, flowlines, and 

breakthrough curves. HYDRUS-2D models represented the actual conditions adequately, 

producing similar salinity patterns and flow lines to those of registered on the lab 

experiments. Those results were further validated by the good agreement when comparing 

the breakthrough curves, which is a more quantitative way to compare results. Based on 

these encouraging findings, HYDRUS-2D models were developed to simulate and test an 

alternative method to leach salts. The proposed method consists of using sprinkler 

irrigation and tailor the precipitation rate across the field for a more uniform leaching 

pattern. Compared to traditional leaching, it reduces water consumption, off-site pollution, 

and saves time, as PSP does, but using less instantaneous flow and without any mechanical 

labor in the soil. Improve water using efficiency is achieved by avoiding superior flow 

close to drains, giving the water an equal opportunity to leach salts across the field. The 
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simulated soil conditions were the same as those of the PSP models, and precipitation rates 

were based on actual commercially available equipment. Results obtained from the 

simulations further support the technical feasibility of the proposed method.  

 

1.4 SUMMARY OF PAPER 2  

 

The second paper, titled “Unmanned Aircraft System Observations for Monitoring and 

Mapping Soil Moisture Variability for Precision Agriculture Applications,” presents a new 

methodology to support irrigation management. It uses RS along with soil moisture sensors 

data to evaluate soil water availability to improve crop irrigation scheduling. A new 

trapezoidal space was developed from the near-infrared transformed reflectance (NTR) and 

normalized difference vegetation index (NDVI) data. The RS data is processed into the 

developed space to evaluate the spatial distribution of soil moisture (SM) and Plant 

extractable water (PEW). This method takes advantage of high-resolution data from current 

satellites and UAS to map soil moisture spatial distribution, which is critical for improving 

irrigation efficiency. This information can be used to adjust irrigation to actual crops’ 

needs, reducing the negative impacts on crops and the environment from over or under 

irrigation.  

 

On a pilot study, the results obtained using this method were compared against data 

obtained using TDR sensors and a traditional RS methodology based on land surface 

temperature. Also, HYDRUS-2D computer modeling was used to estimate SM distribution 

throughout the soil profile. Results showed that the new methodology estimation accuracy 
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varies with soil depth, with r ranging from 0.18 to 0.93, while RMSE does it between 0.02 

and 0.18 cm3cm-3. The best estimations using this method were obtained for layers closer 

to the soil surface. Also, the proposed RS methodology compared well to the traditional. 

UAS-assisted root zone SM and fractional PEW maps showed high variability in space 

across the field. Generated maps with VENµS/Sentinel-2 data show [data is plural, data 

show] a narrower range due to their coarser spatial resolutions, providing effective SM and 

PEW at the farm level for coarse-scale applications. 
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CHAPTER 2. CONCLUSIONS 
 

2.1. CONCLUSIONS 

The work presented here, which involved computer modeling and remote sensing 

techniques to improve agricultural water management capabilities at the farm level, yielded 

encouraging results. In particular, results from the computer simulations performed for 

Paper 1 support the use of computer modeling to improve water management of salt-

affected soils. HYDRUS-2D computer simulations, based on actually measured soil 

properties, provided results that compared favorably with the experimental lab 

measurements. The latter means that the model can successfully represent variations on 

spatial and temporal leaching regimens. Simulations confirmed that Partial sequential 

ponding (PSP) produces a more uniform leaching pattern when compared to the traditional 

complete ponding method, saving both time and water resources. Also, under the 

conditions replicated on this work, PSP and the proposed differentiate rate sprinkler 

irrigation leached salts. Similarly, if the water is applied continuously. The observed water 

savings can contribute to significant reductions in irrigated agriculture water and carbon 

food-prints, as well as reducing the off-site environmental pollution.  

 

Paper 2 presents a novel ground sensor-RS based method, developed to improve 

irrigation management, being successfully applied in a pilot study. The experimental plot 

was a subsurface drip-irrigated Wheat crop in Central Arizona. The method provided 

accurate, high spatial resolution, and near real-time root zone soil moisture and plant 

available water (PAW) maps based on UAS or satellite RS data. This proposed method 

compared favorably to actual ground TDR sensors measurements and to a traditional RS 
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method, which uses thermal data. The UAS and Satellite-based maps were highly 

correlated with ground measurements, though the results were better when compared to 

near surface TDR measurements. Also, when comparing SM values obtained from the new 

approach to the traditional RS method, they yielded similar results. The observed 

differences may be due to the difference in pixel size and the time difference between the 

UAV surveys and the corresponding satellite pass. Maps generated from UAS data 

captured larger variability, most likely due to the smaller pixel size attainable. Finally, 

adding computer modeling to the analysis can provide insight into the subsurface water 

distribution pattern generated by irrigation, facilitating its improvement and management. 

In this study, HYDRUS-2D simulated soil moisture profile agreed with TDR 

measurements within and between plant rows, providing relevant information to improve 

agricultural water management. 

 

2.2. FUTURE WORK 

The differentiated sprinkler leaching presented in Appendix 1 can be improved by 

using intermittent applications of water as it has been observed previously, e.g., Rose et al. 

(2000). This can promote significant water savings, particularly in the case of lesser soluble 

ions like Boron. This strategy could be further developed on HYDRUS-2D and then 

validated by controlled field experiments.   

The proposed method in Appendix 2, can also be used to assist in managing a precision 

irrigation system such as a sprinkler variable rate irrigation system as in the case of center 

pivot or linear irrigation systems. Automating the process as much as is economically 

possible would enable a faster massification of this method.  
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ABSTRACT 

Reclaiming salt-affected soils requires large amounts of water; thus, any improvement 

made in the leaching process can preserve significant quantities of water. Partial sequential 

ponding (PSP) method has already been proposed as an efficient strategy to save water 

when salt leaching is required. This work aimed to develop PSP models in HYDRUS-2D, 

based on actual soil properties and comparing them to salt leaching laboratory experiments 

based on breakthrough curves and leaching patterns. The results showed that water outflow 

and breakthrough curves simulated by HYDRUS-2D data were in good agreement with the 

laboratory reference measurements. We found that the PSP technique is more efficient than 

the traditional complete ponding method, thereby conserving valuable water resources. 

Moreover, this technique proved to be effective at saving time and producing a more 

uniform salt leaching pattern. The PSP reduces excessive leaching in the areas proximate 

to the sub-surface soil drains. These results show that HYDRUS-2D simulations can be 

applied in developing and improving desalinization strategies, reducing time and water 

used to ameliorate the negative effects of salinity. 

 

Keywords: HYDRUS-2D; drainage; leaching; sequential ponding. 

 

1.1.INTRODUCTION 

Soil salinity is a major problem in arid and semi-arid regions seriously affects plant 

growth and crop productivity via decrease plant available water in the soil. Salinity can 

also affect soil microbial communities and decrease the activity of microorganisms in the 

root zone (Schimel et al., 2007; Yuan et al., 2007). Also, the salt composition of the soil 
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water affects the composition of ions on the exchange complex of soil particles, which 

affects soil physical and chemical properties.  

Of the cultivated lands worldwide, about 23% is saline, and about 37% are estimated 

to be sodic (Tanji and Wallender, 2012), which restrict agricultural productivity in over 

100 countries throughout the world. Moreover, continuous desertification and urbanization 

of cultivated lands, global warming, and water shortage mandate the use of saline water for 

irrigation, especially in regions experiencing a water shortage. Using low quality and saline 

water for irrigation imposes more salt stress on crops, which are already under stress in 

these regions, and lead to a high concentration of salts in soils.  

Irrigation is usually compulsory in an effort to make lands more productive, especially 

under arid and semiarid conditions, with the primary objective of meeting crops water 

demands that are due to evapotranspiration processes. However, irrigation water is also 

considered to be the main contributor to salinity in many cases, which accelerates the pace 

and magnitude of the soil salinization process (Smedema, 1990; Houk et al., 2006; 

Ganjegunte et al., 2013). This is a particularly important feature in crop production systems 

in arid and semi-arid regions where climatic conditions promote a higher accumulation of 

soluble salts in the crop root zone. High soil salinity reduces water availability for crops, 

and can also cause toxicity and nutritional imbalances, all of which lower crop productivity 

(Läuchli and Grattan, 2007; Grieve et al., 2012). Extra water is applied to ameliorate the 

negative effects of high soil salinity on crop productivity, on top of crop evapotranspiration 

demands, to remove excess salts from the root zone (Letey et al., 2011). This additional 

irrigation water is typically expressed as the leaching requirement. However, irrigation 

rates exceeding the natural drainage capacity of the soil produce waterlogging and change 
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water table depth, further reducing crop productivity and increasing soil salinity as well. 

Accordingly, subsurface drainage systems are often installed to remove the excess water 

and salts from the root zone (Christen et al., 2001).  

Applying excess of irrigation water over the entire surface of the soil to avoid salt 

accumulation in the soil profile is a common practice in the desalinization of soil. It has 

been shown that soil salinity is highly variable in subsurface drained fields, where it 

depends on the distance to drains (Akramkhanov et al., 2011). Literature has also shown 

that the most effective salt leaching is observed in close proximity to the drains (Kirkham, 

1957; Luthin et al., 1969; Ortiz and Luthin, 1970; Mulqueen and Kirkham, 1972; 

Miyamoto and Warrick, 1974, Anapali et al., 2001), and thus a simultaneous ponding of 

the entire surface is not the most efficient strategy of leaching salts. 

Several studies have shown the capability of partial sequential ponding as a new and 

efficient leaching technique to remove the salts throughout the soil profile. Youngs and 

Leeds-Harrison (2000), for instance, analytically showed improvement in the efficiency of 

desalinization using partial ponding by which the area of the ponding increases 

progressively. They showed that the partial ponding technique utilizes as much as 84% less 

water and 76% less time to uniformly leached the salts throughout sand columns. Also, 

Mirjat et al. (2008) using partial sequential ponding in a sand-tank model and showed that 

the method is more efficient than complete ponding in the desalinization of soil. However, 

they had difficulties in measuring streamline velocities and simulate streamline patterns 

accurately. One major weakness of their findings is that the results have been presented as 

general and qualitative, where it is not possible to evaluate the performance of such a 

method under the used conditions. Field studies to further develop this strategy are 
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expensive. However, computer modeling tools can minimize the need for such studies and 

help streamline the research protocols that will be tested in the field.  

HYDRUS-2D (Šimůnek et al., 1999) is a numerical tool that uses finite elements to 

simulate two-dimensional water flow and solute transport in uniform or multi-layered 

unsaturated, partially, and fully saturated soil systems. The program numerically solves 

Richard’s equation for water flow and uses a Fickian-based advection-dispersion equation 

(ADE) for solute transport. HYDRUS-2D has been employed to simulate soil water and 

solute concentration dynamics under irrigation systems such as furrow (e.g., Hassan et al., 

2005), surface drip irrigation (e.g., Skaggs et al., 2010), and subsurface drip irrigation (e.g., 

Roberts et al., 2009; Kandelous et al., 2012). The HYDRUS -2D simulations of soil water 

content (Skaggs et al., 2004) and salinity distribution patterns (Phogat et al., 2012) have 

shown good agreements with the values measured in the field.  

Siyal et al. (2010) used HYDRUS-2D to test the partial ponding method, suggested by 

Youngs and Leeds-Harrison (2000), for its potential to improve salt leaching efficiency 

and preserve water and save time by simulating leaching within sand tanks and soil profile 

with sand and loam textures. They found that partial ponding saves 95% and 84% of 

applied water in complete ponding for sandy and loam soils, respectively. Their results 

were promising for the medium-textured and layered soils, but they estimated van 

Genuchten-Mualem hydraulic parameters using Rosetta pedotransfer functions (Schaap et 

al., 2001); however, this provided an uncertain analysis of soil water dynamics and salt 

concentration. In this study, we present a comparative analysis of the pattern of salt 

leaching by the PSP method. To further validate the use of HYDRUS-2D as a tool to 

simulate this leaching strategy, we found it necessary to perform a reliability test perform 
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to actual laboratory experiments. The innovation lies in the evaluation of the PSP concept 

via measured soil water movement and solute transport parameters, which are applied as 

the inputs of HYDRUS-2D to simulate leaching. The objectives of this work were 1) to 

evaluate the efficiency of the PSP technique in variably saturated flow and various soil 

textures by HYDRUS-2D modeling, 2) to analyze the predicted salinity patterns and 

contrast breakthrough curves obtained by HYDRUS-2D against laboratory measurements, 

and 3) to provide a basis to develop reliable tests in the field.  

 

1.2.MATERIALS AND METHODS 

1.2.1 HYDRUS-2D SIMULATION 

1.2.1.1.GOVERNING WATER FLOW AND SOLUTE TRANSPORT EQUATION 

HYDRUS-2D model (Šimůnek et al., 2006) was used to simulate water flow and 

solute transport in this study. The simulation was undertaken considering that flow is two-

dimensional, and sand physical properties were assumed to be homogeneous. The 

governing 2-D Richard’s equation for water flow in uniformly packed sand having the 

homogeneous condition can be written as Eq. 1. 

       [1.1] 

 

where, ! is the volumetric water content [L3 L−3], h is the soil water pressure head [L], 

t is the time [T], x and z are the horizontal and the vertical space coordinates [L], 

respectively, and K is the hydraulic conductivity [L T−1].  

The soil hydraulic properties  and  in Eq. 1 were specified according to Eq. 

2 (van Genuchten, 1980):  
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 , and      [1.2]  

    

        [1.3] 

        

where, qs is the saturated soil water content [L3 L−3], qr is the residual soil water 

content [L3 L−3], α [L-1], and n [-] are the shape parameters of the van Genuchten retention 

model, and  is effective saturation [-]. 

The soil hydraulic parameters required in the van Genuchten model were determined 

using the laboratory measurements of soil water contents at different matric potentials. 

Using non-linear least square optimization, the van Genuchten retention model was fitted 

to measured soil water content values to obtain the hydraulic parameters a, n, and qr.  

The HYDRUS-2D model numerically solves the convection dispersion equation 

(CDE) for solute transport. The numerical solution of the CDE provides approximate 

values of the solute transport parameters (Leij et al., 1991). The CXTFIT program is used 

to estimate solute-transport parameters in several models for transport by fitting the 

parameters to observed laboratory and/or field data obtained from solute displacement 

experiments (Parker and van Genuchten,1984a, b; van Genuchten and Wierenga, 1986; 

Toride et al., 1995; Skaggs et al., 2002a). The solute transport through a soil profile 

described by one-dimensional CDE is given as Eq. 4: 

        [1.4] 

where, Rf is retardation factor ( ), D is the hydrodynamic dispersion 

coefficient [L2T −1], V is the pore water velocity [LT −1], C is the solute concentration 
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[ML−3], t is the time [T], z is the axial distance [L],  is bulk density [ML-3], and  is 

distribution coefficient of ion [-]. 

The hydrodynamic dispersion coefficient (D) is the sum of mechanical and molecular 

diffusion and is given as Eq. 5: 

           [1.5] 

where, V is the pore water velocity [LT−1], l is dispersivity [L], n is an empirical 

coefficient usually taken as 1 (Beven et al., 1993), and De is the molecular diffusion 

[L2T−1]. At the normal flow conditions, the mechanical dispersion is much higher than the 

diffusion and, therefore, the molecular diffusion is often disregarded (Bear, 1972; Chou 

and Wyseure, 2008) and Eq. 4 thus reduces to D=Vl. 

 

1.2.1.2.FLOW DOMAIN 

The HYDRUS-2D flow domain represented the dimensions used in a sand tank model 

experiments conducted to study PSP by Mirjat et al. (2008). In this salt leaching strategy, 

the surface area is divided into several strips running parallel to the drainage system. 

Ponding starts in the midpoint between the drains, with the flooded area then increasing 

toward the line of the drainage system until the entire area is ponded. Their physical sand 

tank model was 10 cm wide, 15 cm high, and 100 cm long. The dimensions of the tank 

were scaled to 1:40 that represented field drains spaced at 40 m and installed 2 and 4 m 

below the surface of a uniform soil. The bottom of the soil profile was assumed to be 

impermeable. Using HYDRUS 2-D, a vertical x-z plane model was created to match these 

dimensions. The drains were described as a 0.5 cm circular seepage face, implying that 

they were initially practically empty. Both drains were placed at the center of the tank, but 

br dK
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one at 5 cm and the other 10 cm above the impermeable base. The surface was divided into 

four segments with the same length (each segment 12.5 cm) on each side of the drains, and 

the model was run for each segment separately. A simulation of water leaching was run for 

each ponding condition for 500 min. An incremental sequence of ponding from quarter to 

complete, which corresponds to the PSP condition, was run for 82 min. Finally, based on 

the same domain dimensions, soil properties, and initial conditions, an extra set of 

simulations were performed to analyze the leaching pattern of sprinkler irrigation to 

compare it to ponding. Each simulation was run for 500 min. 

 

1.2.1.3. DEFINING INITIAL AND BOUNDARY CONDITIONS 

The flow domain was initially saturated (i.e., ), with a relative salt 

concentration 1. The bottom and the two vertical side boundaries were set as no-flux 

boundaries for both water and salt (i.e., no lateral flow and seepage/drainage occur in the 

flow domain). Each ponded segment was assigned a constant pressure head boundary and 

its value set to 0.5 cm, while the remainder of the soil surface was set to zero flux condition. 

The active drain was represented by a seepage face boundary, while the inactive was a no 

flux condition. For the Sprinkler irrigation simulations, an atmospheric boundary condition 

was used on the top boundary to simulate the continuous use of a sprinkler irrigation system 

to perform the leaching. Several precipitation rates were used, but here results are presented 

just for the following: 2.095 10-2, 8.382 10-2, and 1.672 10-1 cm min-1. The incoming flow 

was set as salt-free (i.e., ). A third type (Cauchy) solute transport condition was 

applied to the wetted surface.  
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1.2.2. SOIL PROPERTIES MEASUREMENTS AND MODEL INPUTS 

The sand was analyzed to obtain the parameters needed for the HYDRUS -2D 

simulations. Similar procedures to the ones used by Mirjat and Rose (2008) were used in 

the soil physics laboratory of the University of Arizona, Tucson. A solute transport 

experiment, using a non-reactive tracer potassium bromide (KBr), was conducted in three 

columns, each having a 7-cm diameter and 15-cm length, which were packed with dry sand 

retained between 125 and 212 µm sieves. The bulk density ( ) and the saturated hydraulic 

conductivity ( ) of the packed sand were measured using core methods (Richards, 1965) 

and constant head (Reynolds and Elrick, 2002), respectively.  

Once the steady-state condition was established, and hydraulic conductivity 

measurements were completed, the columns were used to measure breakthrough curves 

(BTC) using non-reacting KBr solute (Skaggs et al., 2002b). The KBr tracer was used with 

a known concentration (6600 mS/m) introduced at the inlet through Mariotte flasks. The 

effluents from three columns were collected at regular 5 and 10-min intervals. The 

electrical conductivity (EC) was measured with a handheld CON 6 conductivity meter 

(Oakton Instruments, Vernon Hills IL, USA). The normalized concentration was 

determined from Eq. 6: 

          [1.6] 

where, Cr(t) is the time-dependent normalized concentration (µS µS-1); C0(t) is time-

dependent measured concentration of solute (µS); Ci is the initial concentration of soil 

water at saturation (µS); and Ca is the concentration of applied solute (µS). 
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The breakthrough curves were established using normalized concentration vs. time or 

pore volume (i.e., dimensionless time  ). Measured breakthrough curves were 

then used to estimate the solute transport parameters such as dispersion coefficient, 

longitudinal and transverse diffusivities, retardation factor, and pore water velocity.  

 

1.2.3. INVERSE OPTIMIZATION 

The deterministic equilibrium model of the CXTFIT program was used to estimate the 

dispersion coefficient and the pore water velocity, while the retardation factor was fixed to 

1. The longitudinal dispersivity was then calculated, dividing the dispersion coefficient by 

the pore water velocity. The estimated and calculated values of these parameters are given 

in Table 1.1. 

Table 0.1. Solute-transport parameters determined by the deterministic equilibrium model 
(DEQ) of the CXTFIT program using fine sand. 

lL lT R V D 
0.3137 0.0314 1.05 0.1884 0.068 
lL: Longitudinal dispersivity [cm], lT: transverse dispersivity [cm], R: retardation factor [-], 
V: pore water velocity [cm min -1]; D: hydrodynamic dispersion coefficient [cm 2 min -1] 

 

The soil-water characteristic (SWC) curve describes the functional relation between 

soil water content and matric potential under equilibrium conditions. Tempe cells were 

used to measure water potential for the wet end of the SWC curve (Dane and Hopmans, 

2002), and WP4-T dew point potentiometer (Decagon Devices, Pullman WA, USA) for 

the dry end of SWC curve (Leong et al., 2003). Three Tempe cells were assembled, 

weighted, and allowed to saturate from the bottom. A 2-mm hydraulic head was maintained 

until a thin film of water became visible on the surface of the sample. The saturated Tempe 

cells were connected to the pressure manifold and subjected to pressure steps of 0, 2, 5, 

LvtT /=
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7.5, 10, 15, 20, 25, 35, 50, 75, 100, 200, 400, and 800 cm of water. After each pressure 

step, the Tempe cells were disconnected from the pressure manifold, and weight for each 

pressure applied. In the case of the WP4-T dew point potentiometer measurements, three 

sand samples were prepared for each moisture content measurement. 5-gram oven-dried 

sand was poured into the stainless-steel cups. The sand samples were pre-wetted to 

gravimetric water contents of approximately 0.005, 0.01, 0.02, 0.05, 0.075, 0.1, 0.15, 0.2, 

0.25, and 0.3 (g/g). The moist samples were stored in a fridge and allowed to equilibrate 

for 72 hours. The samples were left to equilibrate with the ambient temperature of the 

laboratory 1 hour before the measurement. The water potential measurements were taken 

using the WP4-T dew point potentiometer. Immediately after the measurement, the weights 

of the wet samples were taken. The samples were oven-dried at 105ºC, and the gravimetric 

water contents were determined. The gravimetric water contents were converted to 

volumetric water contents using the bulk density of sand determined in the Tempe cell 

measurements. The measured soil physical properties and estimated model parameters are 

shown in Table 1.2. 

 

Table 0.2. Measured soil properties and estimated model parameters. 

Measured parameters  Model fitted parameters 
ρb ρp η  Ks  θr θs α n l R2 
1.60 2.65 0.40 0.61  0.008 0.382 0.016 3.065 0.5 0.987 
ρb, bulk density (g/cm3); ρp, Particle density, (g/cm3); η, Porosity; θr, residual moisture content; θs moisture content at 
saturation; α, fitting parameter; n, fitting parameter; Ks, Saturated hydraulic conductivity (cm/min); l, pore connectivity 
function; R2, Coefficient of determination 
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1.3.RESULTS AND DISCUSSION 

1.3.1. PONDING SIMULATION FOR A 500 MIN INTERVAL 

The pressure head for all the simulated regimens, for both the upper and lower drain 

simulations, became stable within the first minute; this was probably due to the soil was 

initially fully saturated. 

HYDRUS particle tracking function simulates the path of the wetting front in time, 

which can be used to compare the path flow of the simulation with the dyed flow lines 

observed in the laboratory by Mirjat and Rose (2009). The results presented in Figure 1.1 

support the similarity between the results of simulations and those of laboratory 

experiments. The flow lines patterns show that the water infiltrating the area above the 

drain reaches the drain faster than the water infiltrating in other parts of the soil column. 

Water in the 1/4 ponding treatment initially flows vertically but then orientates horizontally 

toward the drain. This pattern allows for a more extended pathway that can increase the 

removal of salts along the way, enhancing the efficiency of the process. Conversely, over 

the same elapsed time, an increase in the surface area flooded toward the drain decreases 

the depth reached by the wetting front in the areas more distant from the drain, increasing 

the time needed to leach the same depth of soil. Drain depth also affects water flow 

patterns; a deeper drain increases the hydraulic head, and thus the infiltration rate and drain 

outflow. This enhanced water flow allows for a faster flow through the profile, accelerating 

salt leaching, but increasing water use.  
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Figure 0.1. Particle flow tracking for A) HYDRUS-2D simulations: upper drain (left) and 
lower drain (right). B) traced streamline lab experiments: upper drain (left) and lower drain 
(right), reproduced from Mirjat et al. (2008) with permission from CSIRO Publishing. 

 

A) 

B) 
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Figure 1 also shows that any flux directly under the flooded area is mainly vertical, for 

both simulated and lab experiments, which is one of the assumptions made by Youngs and 

Leeds-Harrison (2000) to estimate the progress of the desalinization and then calculate the 

time required by each strip under a sequential ponding leaching strategy.  

The HYDRUS-2D simulated drain outflows, for the different ponding regimens, 

became stable within the first minute, and seepage flux increased as the surface area 

flooded increases. The simulation results are very similar to those obtained by Mirjat and 

Rose (2009) on their sand tank experiments, for the upper drain, as shown in Table 1.3. 

This indicates that the hydraulic parameters, determined from the measurements made in 

the laboratory that were used to set up HYDRUS simulations, are close to those of the sand 

used in the sand tank experiments by Mirjat and Rose (2009). HYDRUS simulations 

underestimated the drain outflow for all the ponding regimens except for the complete 

ponding condition. 

 

Table 0.3. Drain outflow from sand tank experiments and HYDRUS simulations, for the 
upper drain condition. 

Ponding regime 
Laboratory experiments 

outflow 
(cm3 min-1) 

HYDRUS simulations 
outflow 

(cm3 min-1) 
Quarter 20.4 18.0 
Half  27.7 23.5 
Three quarter  34.3 33.6 
Complete 54.3 55.9 

 

The breakthrough curves showed in Figure 1.2 display the relative drain outflow 

concentration as a function of the elapsed time of the surface ponding regimens tests. These 

curves represent the infiltration of a saline solution into a soil saturated with pure water; 

this situation is the inverse of the leaching process but makes it easier to observe the amount 
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of time it takes the water to reach the drain from the surface of infiltration. Figure 1.2 shows 

that the initial part of the breakthrough curves obtained by the HYDRUS simulations 

matches well with those obtained in laboratory experiments, especially for the complete 

and three-quarters surface ponding regimens. The HYDRUS simulations tended to 

underestimate the outflow concentration, compared to the laboratory measurements, but 

this trend is inverted once the concentration starts to increase at a higher rate. This might 

be due to the influence of molecular diffusion or anion exclusion; however, the effects of 

a higher degree of heterogeneity of the pore space obtained in the experimental columns 

by Mirjat and Rose (2009) provides a more likely explanation. The relatively small samples 

used to obtain the dispersion coefficient for the HYDRUS simulations might not have been 

big enough to capture some “layering” that can occur filling large columns (Glass et al., 

1989). This layering effect can also help to explain the inconsistent variability on the 

difference observed between simulated and measured drain outflow (Table 1.3). A 

comparison between the different ponding regimens breakthrough curves indicates that a 

faster increase in drain outflow concentration is observed when higher fractions of the soil 

are ponded; this difference, observed for both the Hydrus-simulated and measured 

experiments, is explained by the faster movement of the solute from areas closer to the 

drain to the drain itself, due to a higher hydraulic gradient (Youngs and Leeds-Harrison, 

2000). The breakthrough curves from the HYDRUS-2D simulations tend to slightly 

overestimate the concentration over time, as shown in Figure 1.2.  
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Figure 0.2. Breakthrough curves from Laboratory experiments (Mirjat and Rose, 2009) and 
HYDRUS-2D simulations. 

 

The cumulative water and solute drain outflows, after a 500-minute ponding time, for 

the four ponding regimens simulated in HYDRUS using 2 different drain depths are 

presented in Table 1.4. As expected, for both drain depths, the highest cumulative drain 

outflow was observed for complete ponding, and the lowest corresponded to the quarter 

ponding condition. This difference is not only due to the larger ponding surface but also 

because the increase in ponding surface occurs closer to the drain, where the hydraulic 

gradient is the highest.  

Drain depths also affect on the leaching process. Increasing the drain depth, for this 

homogeneous soil condition, also increases drain outflow, due to the higher gradient. On 

the other hand, cumulative solute outflow decreases as flooded soil surface increases. 
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Because water flow tends to concentrate in the area closer to the drain (Figure 1.1), leaching 

is also concentrated in this area, removing less solute from other areas.  

The average drain outflow solute concentration corresponds to the ratio of cumulative 

solute to cumulative water flowing out of the drain. Soil solution initial concentration was 

equal to 1. Thus, values closer to 1 indicate higher leaching efficiency, as more solute is 

taken out of the profile with the same amount of water. The highest average drain outflow 

solute concentration was observed for the quarter ponding condition; using the upper drain, 

this concentration decreases as surface ponding increases. These results support the theory 

that a continuous ponding of the whole area is less efficient than a PSP, as predicted by 

Youngs and Leeds-Harrison (2000). 

Table 1.4 also shows that a deeper drain position reduces the average concentration of 

the outflow, but this reduction becomes less important as surface flooded area increases. 

The average concentration of the upper drain outflow, for the quarter ponding condition, is 

76% higher than the lower drain outflow for the same ponding condition. In comparison, 

for the complete ponding condition, the difference is only 8%. 

 
Table 0.4. Water and solute cumulative drain outflow, after 500 min ponding simulation. 

Drain Surface    Drain outflow   

 ponding Cumulative water Cumulative solute Average concentration 

  condition (cm3) (mmol) (mmol cm-3) 

Upper Quarter   9,023 557.69 0.618 

 Half 11,721 497.26 0.424 

 Three quarter 16,746 409.16 0.244 

  Complete 27,685 328.71 0.119 

Lower Quarter  17,138 602.32 0.351 

 Half 22,437 578.26 0.258 

 Three quarter 31,358 505.41 0.161 

  Complete 41,409 454.00 0.110 
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Comparing the upper drain average concentration outflows, Table 1.4 shows that a 

unit of water infiltrated under half, three-quarter, and complete ponding regimens removes 

69, 40, and 19% of the solutes removed by a unit of water infiltrated under quarter ponding 

condition, respectively. The difference between the lower drain average concentrations of 

these 3 ponding regimens to the quarter ponding is smaller, as a unit of water of the half, 

three-quarter and complete ponding regimens removes 74, 46, and 31% of the solute 

removed by the unit of water of the quarter ponding condition, respectively. This higher 

solute leaching efficiency is due to the removal of solutes from deeper portions of the 

profile, as seen in Figure 1.3 B. 

Figure 1.3 presents the soil solution concentration distribution after 500 min of 

continuous ponding with distilled water. The quarter ponding condition using the lower 

drain (Figure 1.3B) was the only treatment that removed most of the solutes throughout the 

profile. In contrast, the complete ponding condition using the upper drain was the least 

effective at removing solute more distant from the drain. An increase in flooded surface 

reduces the removal of solutes from the areas farther from the drain. Also, while a deeper 

placement of the drain increases the depth of leaching, so does the water outflow (Table 

1.4), due to the higher hydraulic gradient. 
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Figure 0.3. Solute distribution pattern, for different ponding regimens, after 500 min of 
ponding, for: A) Upper drain, and B) Lower drain condition. 

 

 

B) 

A) 
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1.3.2. PONDING SIMULATIONS FOR AN 82 MIN INTERVAL 

PSP condition consists of simulating progressive partial ponding: 23.2 minutes of 

quarter ponding, 18.9 minutes of the half, 19.8 minutes of three-quarter, and 19.7 minutes 

of complete ponding, as shown in Figure 1.4: 

 

 

Figure 0.4. PSP simulation sketch (not to scale), black dots represent drains and light blue 
strips represent ponded areas. 

 

The PSP ponding time corresponds to the time needed to remove the solutes from the 

top 5 cm of the domain; the initial solute content was 200.96 mmol for the top 5 cm and 

401.89 mmol the rest of the domain (5 to 15 cm deep).  

Table 5 shows that quarter ponding is the most efficient condition (outflow 

concentration=1 mmol cm-3) and that efficiency decreases, as the larger surface is flooded. 

However, PSP achieves a similar efficiency, but with a higher uniformity (Fig. 1.5) than 

the quarter ponding condition. The results of comparing the complete surface ponding to 
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the partial sequential ponding agreed with the analytical evaluation performed by Leeds 

and Harrison (2000). 

 

Table 0.5. Water infiltrated and solute leaching for ponding simulations after 82 min 
ponding. 

 
Drain Surface 

ponding 
regime 

Cumulative 
infiltration 

Solute leached  
0-5 cm 

Solute leached  
5-15 cm 

Average 
drain outflow 
concentration   

(cm) (mmol) (%) (mmol) (%) (mmol cm-3) 

Upper Quarter  1.47 105.74 52.62 41.04 10.21 1.000 

 Half 1.93 148.38 73.84 43.54 10.83 0.998 

 Three quarter 2.75 140.53 69.93 51.11 12.72 0.698 

 Complete 4.59 112.61 56.04 34.37 8.55 0.318 

 PSP 2.63 173.91 86.54 32.46 8.08 0.788 

Lower Quarter  2.81 150.50 74.89 130.07 32.36 1.000 

 Half 3.67 188.90 94.00 148.02 36.83 0.919 

 Three quarter 5.13 165.93 82.57 126.38 31.45 0.573 

 Complete 6.77 147.37 73.33 106.33 26.46 0.379 

  PSP 4.51 197.83 98.44 167.63 41.71 0.816 

 

The solute distributions after 82 minutes of leaching are plotted in Figure 1.5. A yellow 

dashed line marks the lower boundary of the upper 5 cm of the profile, which is the lower 

limit of the targeted leaching depth that represents a crop root zone.  

From these plots, it is clear that the quarter ponding condition, over the simulated time, 

removes salts mainly from the area close to the flooded surface, and this is more marked 

for the upper drain simulations. In contrast, the other regimens produce low leaching in the 

areas farther from the drain.  
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Figure 0.5. Solute distribution pattern, for different ponding regimens, after 82 min of 
ponding, for: A) Upper drain, and B) Lower drain condition. 

A) 

B) 
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PSP developed the most uniform leaching pattern under both upper and lower drain 

simulations, which indicates that this methodology can produce a more efficient and 

uniform leaching pattern than conventional ponding. All simulated leaching regimens 

leach salts from areas below the 5 cm target depth, which is below the estimated root zone, 

and thus represents a waste of water. Figure 1.5 shows that PSP reduces the excess of 

leaching that not only wastewater but also increases “off-site” adverse effects of the 

drainage effluents, which increase their solute content because of the salts leached 

(Urdanoz and Arangüés, 2011). 

 

1.3.3. SPRINKLER SIMULATIONS 

It has been suggested that sprinkler irrigation can be more efficient in leaching salts 

than continuous ponding (Hoffman, 1980). Using the same dimensions, domain properties, 

and initial conditions, an extra set of simulations were performed to analyze the leaching 

pattern of sprinkler irrigation. The results presented here correspond to 2.095 10-2, 8.382 

10-2, and 1.672 10-1 cm min-1 (12.57, 50.29 and 100.58 mm/h) or Low, Medium, and High 

precipitation rate respectively; all these rates are lower than the Ks (Table 1.2). The results 

were analyzed to estimate the time necessary to infiltrate the same amount of water than 

82 min of PSP regime using the upper drain (2.63 cm), which allows for a direct 

comparison with those of the flooding simulations. 

An atmospheric boundary condition was used to simulate the sprinkler irrigation 

because it was observed that even though all application rates were below Ks, there was 

still runoff for some rates. Thus, a constant flux boundary condition was not appropriate. 

A runoff would constitute a waste of water and energy. Table 1.6 shows that only Low rate 
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did not produce any runoff, while runoff increases as precipitation rate increases. Using the 

lower drain, due to the larger gradient, reduced the waste of water; Runoff decreased from 

3.11 to 1.08 cm and from 6.91 to 3.44 cm for the medium and high precipitation rates, 

respectively.  

 

Table 0.6. Cumulative runoff and solute leaching for three sprinkler irrigation precipitation 
rates. 

Drain Irrigation 
strategy 

Cumulativ
e runoff 

Solute leached  
0-5 cm 

Solute leached  
5-15 cm 

Average drain 
outflow 

concentration   
(cm) (mmol) (%) (mmol) (%) (mmol cm-3) 

Upper Low  0.00 183.81 91.5 21.04 5.2 0.782 

 Medium 3.11 121.56 60.5 28.19 7.0 0.262 

 High  6.91 100.39 50.0 20.00 5.0 0.127 
 PSP  173.91 86.5 32.46 8.1 0.788 

        

Lower 
Sprinkler 
low  0.00 188.46 93.8 41.46 10.3 0.878 

 
Sprinkler 
med 1.08 155.93 77.6 55.26 13.8 0.572 

 
Sprinkler 
high 3.44 122.19 60.8 57.99 14.4 0.300 

 PSP  197.83 98.4 167.63 41.7 0.816 

         

 

In the leaching patterns for sprinkler irrigation regimes presented in Figure 1.5, a pink 

dashed line marks the lower boundary of the upper 5 cm or targeted leaching depth. Low 

precipitation rate produced the most homogeneous leaching pattern for both drain 

placements, which agrees with was observed by Nielsen et al. (1966); increasing 

precipitation rate decreased uniformity, but this effect is less severe for the lower drain 

placement, as a higher gradient allows for longer water flow lines. However, in the case of 
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a non-homogeneous soil profile, it is reasonable to expect a more considerable impact of 

the precipitation rate, and thus a further reduction in leaching efficiency.  

 

Figure 0.6. Leaching pattern from sprinkler irrigation. Graphs on the left show upper drain 
simulations and right are lower drain; top graphs correspond to low, middle to medium, 
and bottom to high precipitation rate. 

 

Comparing leaching pattern, average outflow concentration, and amount of salts 

removed from the target zone for the sprinkler irrigation (Figure 1.4 and Table 1.5) with 

those of the ponding irrigation, shows that PSP has similar performance to Sprinkler Low 

rate (Figure 1.5 and Table 1.6), and exceeds those of the other application rates. Low and 

Medium rate Sprinkler irrigation outperform traditional complete ponding, which still 

exceeds the results of Sprinkler High rate. Leaching by ponding has the advantage of low 

capital and operational costs but requires high instant flows, level the land, and building 

borders to control the process. Leaching using sprinkler can be performed on non-leveled 

fields, if the runoff is avoided, on coarse-textured soils, and requires lower instant flow. Its 

disadvantages are a higher investment and operational costs, and its efficiency is more 

affected by climatic conditions as wind and evaporative demand (Keren and Miyamoto, 

2012). 
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1.4. CONCLUSIONS 

The results from these simulations are a promising indicator that HYDRUS can be 

successfully used to improve water management in saline soils. Moreover, these results 

show that the savings in both times and, more importantly, water consumption can be 

significant. The water saved can be used to improve water security and increase the 

productive area in salt-affected regions. Also, using less water reduces the amount of 

drainage outflow, and thus the amount of salts exported from the site, lessening the “off-

site” environmental costs of leaching. Water outflow and breakthrough curves determined 

by the HYDRUS-2D computer modeling compare favorably with laboratory 

measurements, meaning that the model can successfully represent variations on spatial and 

temporal leaching regimens. PSP is more efficient than complete ponding, thereby 

conserving valuable water resources. Likewise, PSP is effective at saving time and water, 

producing a more uniform salts leaching pattern, and thus avoiding excessive leaching in 

the areas closer to the drain. Overall, the results show that HYDRUS-2D simulations 

closely resemble experimental data. Therefore, the HYDRUS simulations, based on 

hydraulic parameters obtained in the laboratory, can be successfully used to develop and 

improve desalinization strategies, which can then be tested under field conditions. Also, 

under the conditions simulated on this work, PSP performed similar to Sprinkler irrigation, 

if the water is applied continuously.  
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ABSTRACT 

Accurate knowledge of soil moisture (SM) and plant extractable water (PEW) 

variability are crucial for precise irrigation management in precision agriculture. Recent 

advances in electromagnetic sensor technology have made irrigation scheduling a reality 

based on soil moisture sensing. This paper generally aims to employ unmanned aircraft 

systems (UASs) and satellite remote sensing at high spatial resolutions in conjunction with 

prediction models and ground sensors to provide decision support for farm-scale precision 

irrigation management. A new trapezoidal space was developed from the near-infrared 

transformed reflectance (NTR) and normalized difference vegetation index (NDVI) data 

and used for estimation and mapping of SM and PEW. The high-resolution estimation 

maps combined with in situ sensors can be introduced as a decision support tool for farm-

level precision irrigation management. The estimated SM was evaluated against in situ 

observations from TDR array and Acclima TDR sensors installed in the surface, near-

surface, and root zone. The UAS-assisted SM from the NTR-NDVI approach was further 

compared to SM estimates from the traditional UAS-assisted land surface temperature 

(LST)-NDVI approach. The NTR-NDVI approach based on VENµS/Sentinel-2 satellite data 

was utilized for generating effective SM and fractional plant extractable water (PEW) 

throughout the field. HYDRUS-2D numerical simulations were conducted to evaluate SM 

distribution throughout the soil profile. Results indicate that the NTR-NDVI estimation 

accuracy varies with soil depth, with r between 0.18 and 0.93 and RMSE between 0.02 and 

0.18 cm3 cm-3. The best estimations using UAS- and Satellite-based NTR-NDVI approach 

were obtained for the near-surface soil layer, i.e., 2-3 cm (based on TDR array) and 1 cm 

(based on Acclima TDR) depths. The NTR-NDVI SM estimates were comparable to LST-
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NDVI SM. UAS-assisted root zone SM and fractional PEW maps showed high variability 

in space across the field. Generated maps with VENµS/Sentinel-2 data show [data is plural, 

data show] a narrower range due to their coarser spatial resolutions, providing effective 

SM and PEW at the farm level for coarse-scale applications. The generated high spatial 

resolution root zone SM and PEW maps enable crop producers to increase water 

productivity by applying water more precisely and site specifically to match soil and crop 

status, and to minimize negative effects on crop yield.  

 

Keywords: Irrigation management, UAS, near-infrared, NDVI, Agriculture, Thermal 

infrared 

 

2.1 INTRODUCTION 

The population of the world is expected to increase, leading to the need for more food 

production and resulting in more water consumption (Qadir et al., 2007). In many arid and 

semi-arid regions of the World, the availability of water is restricted due to low 

precipitation and high evapotranspiration. In these regions, irrigated agriculture is 

considered as the most sensitive sector to water shortage, where it consumes from 50% up 

to approximately 90% of total used water (FAO, 2017). This highlights the importance of 

water management in agriculture and the need to sustainably secure and more efficiently 

use water for crop production. Advanced irrigation systems, along with knowledge about 

soil and crop status, not only can enhance irrigation efficiency and reduce water wastage 

but also increase crop yield and reduce soil physical and chemical degradation.   
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Knowledge about soil moisture content, and it is variability in space and time is 

essential to adapt irrigation management with respect to crop water demand and available 

water resources. Soil moisture information enables crop producers to control irrigation 

scheduling and apply the right amount of water at the right place during irrigation. Soil 

moisture content generally includes the amount of water stored in surface (≤1cm), near-

surface (1-10 cm), and root zone (≥10 cm) of soil. These three soil moisture components 

are connected and affect water and energy exchanges between the land surface and the 

atmosphere. In agriculture, crop requirement to water is determined based on water balance 

measurements in the soil, which is subsequently used for irrigation scheduling (i.e., the 

quantity of required water and the time that water has to apply) for a given crop. Soil 

moisture measurements have been adopted as a criterion for predicting water balance in 

soil (Hori et al., 2008; Sanchez et al., 2010; Schreiner-McGraw et al., 2016; Ondo et al., 

2017). They can be used to determine irrigation water required in each phenological period 

of the crop and meet crop water requirements.  

In agriculture, availability of water for plants (PEW) (also called available water 

capacity) is more important than absolute soil moisture for effective management of 

irrigation. It is defined as the moisture content between field capacity and permanent 

wilting point (Sadeghi et al., 2018). PEW is influenced by soil (e.g., soil structure, texture, 

bulk density, and organic matter content) and plant properties. Using PEW, crop producers 

can determine the depth and frequency of irrigation and start irrigation when PEW reaches 

a threshold moisture value (Merriam, 1966; Blonquist et al., 2006).  

At the farm-level, soil moisture is commonly measured by a variety of ground sensors 

installed at several soil depths. Ground-based electromagnetic sensors are used for 
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measuring soil moisture. These sensors operate based on soil dielectric (permittivity) (e.g., 

time-domain reflectometer, TDR, ground-penetrating radar, GPR), resistivity (e.g., 

electromagnetic induction, EMI) (Topp et al., 1980; Binley et al., 2002; Robinson et al., 

2008), water retention (e.g., tensiometers) (Richards, 1942), capacitance (Evett et al., 

2002), and neutron thermalization (Famiglietti et al., 1999). The main advantage of such 

sensors is their high temporal resolutions (minute-scale). In contrast, the main limitations 

include discrete point-scale measurements over a limited soil volume, labor-intensive due 

to (re)installation and removing sensors before and after planting, and cost-demand for a 

large area. The potential of sensor-based soil moisture monitoring for irrigation scheduling 

has been widely demonstrated (Qualls et al., 2001; Paul, 2002; Leib et al., 2003; Blonquist 

et al., 2006; Thompson et al., 2007; Jaria, and Madramootoo, 2013; Montesano et al., 

2018). In the last decade, wireless sensors technology has been proposed as a more efficient 

tool for irrigation scheduling (O'Shaughnessy et al., 2013; Lea-Cox et al., 2013; Gutierrez 

et al., 2014; Navarro-Hellin et al., 2015; Villarrubia et al., 2017; Nam et al., 2017). A 

review for using wireless sensor networks for precision irrigation is provided by Lea-Cox 

(2012). However, there exist challenges in using wireless sensor networks for large fields 

due to the number of sensors, high cost of reliable sensors, calibration, and associated 

maintenance needs of the system, particularly for farmers who may be uncomfortable with 

the technology and equipment. The integration of underground sensors, communication 

devices, and irrigation systems via the Internet Of Underground Things (IOUT) may 

facilitate real-time soil moisture monitoring. The latter will enable more efficient water use 

and food production in agriculture. IOUT-based precision agriculture is still in the 
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beginning and has challenges in design and implementation, particularly for large farms 

(Vuran et al., 2018).  

During the last two decades, remote sensing (RS) techniques have been widely used 

as a powerful means for monitoring soil moisture (Vereecken et al., 2014; Babaeian et al., 

RG). Soil moisture at coarse resolution, ranging from tens to thousands of meters, has been 

estimated by satellite RS in optical (Shafian and Mass, 2015; Amani et al., 2016; Sadeghi 

et al., 2017a; Babaeian et al., 2018), thermal (Moran et al., 1994; Carlson et al., 2007; 

Carlson, 2013), and microwave (Entekhabi et al., 2010; Wagner et al., 2013; Babaeian et 

al., 2016) domains. Microwave satellite-based rough estimates of soil moisture are valuable 

and widely applied for environmental applications. Limitations such as low spatial 

resolution, infrequent coverage, clouds, and slow delivery of data to users (Pinter et al., 

2003; Mulla, 2013), prevent their extensive use at farm-scale applications. The current 

situation suggests a crucial need for improvement of RS methods for precision agriculture 

(PA) irrigation management. The application of RS in PA dates back to the middle of the 

1980s (Mulla, 2013). Today, the spectral and spatial resolution of satellites have improved, 

allowing for monitoring soil and crop status with higher accuracy. Satellites with a higher 

spatial resolution (meter-scale) such as WorldView-2 and GeoEye-1 have been utilized for 

PA applications (e.g., Aguilar et al., 2014). However, these satellites are commercial and 

provide data on demand at extremely high costs. Newly available satellites such as 

Sentinel-2 and VENµS with medium spatial and temporal resolutions provide 

opportunities for irrigation management in PA.  

The use of unmanned aircraft systems (UAS) is becoming increasingly pervasive, 

especially in the context of PA (Sanders and Masri, 2016). From September 2016, the 
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Federal Aviation Administration (FAA) has granted 5551 petitions for commercial 

operation of UAS in the U.S. (FAA, 2018). Based on the Association of Unmanned Vehicle 

Systems International (AUVSI), approximately 80% of these systems will be utilized for 

agricultural applications. UAS-assisted RS generally allows for more detailed spatial 

resolution than satellite observations, where they can acquire remotely sensed images with 

an unprecedented spatial resolution (cm- or mm-scale) by flying at low altitudes (Jenkins 

and Vasigh, 2013; Shafian et al., 2018). If UASs are used for monitoring soil moisture, 

they will cover a larger area than manual and ground-based sensors. In addition, the simple 

deployment, low operational costs, flexible configuration with high-resolution imaging 

systems (e.g., optical and thermal cameras), and flexible high temporal resolutions make 

UASs as powerful platform for PA applications. However, there exist some challenges for 

the deployment of UASs that have been discussed in the literature (e.g., Gago et al., 2015; 

Colomina and Molina, 2014).  

The high-resolution UAS images have been used for precision crop management (e.g., 

Primicerio et al., 2012; Zhang and Kovacs, 2012; Hassan-Esfahani et al., 2014), crop and 

weed classification (Moeckel et al., 2018), and monitoring crop growth and development 

(Shafian et al., 2018). UASs can carry embedded cameras with a high spatial resolution at 

optical and thermal bands, providing high-resolution measures of soil and crop status at the 

farm-scale, which could be used for the improvement of and water use efficiency and crop 

production in agriculture. The UAS-assisted real-time monitoring of soil moisture and 

PEW can significantly benefit the farm-level precision irrigation management systems. A 

combination of UAS with soil moisture sensor networks can be used as an efficient 

approach for precise mapping and monitoring farm-scale soil moisture. 
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A wide range of wavelengths in the optical, thermal and microwave domains has been 

used for soil moisture estimation (e.g., Moran et al., 1994; Carlson, 2007; Sadeghi et al., 

2015; Ulaby et al., 1982; Njoku et al., 2002). For agriculture applications, optical and 

thermal data have a higher potential for soil moisture estimation. Three approaches have 

generally been developed for estimation of soil moisture from optical and thermal data 

including 1) empirical (e.g., Lobell and Asner, 2002; Persson, 2005), 2) semi-empirical 

(e.g., Carlson, 2007), and 3) physically-based (e.g., Bach and Mauser, 1994; Sadeghi et al., 

2015) approaches. Physically-based approaches, a favored method, have indicated that soil 

moisture content and reflectance are strongly correlated in the optical domain (350-2500 

nm) (e.g., Philpot, 2010; Sadeghi et al., 2015; Sadeghi et al., 2017b) where the highest 

sensitivity to soil moisture occurs in the short wave infrared (SWIR) and near infrared 

(NIR) domains (Sadeghi et al., 2015). Based on the physics of radiative transfer in the 

optical domain, a trapezoidal space has been recently introduced for estimation of soil 

moisture by Sadeghi et al. (2017a) termed the “optical trapezoid model” (OPTRAM). The 

OPTRAM model is based on the construction of a SWIR transformed reflectance (STR)-

normalized difference vegetation index (NDVI) trapezoidal space, finding the location of 

image pixels with known STR and NDVI values on such space, and then translating the 

values to soil moisture content by a physical model where soil moisture is a function of 

STR and NDVI values. The OPTRAM model involves constructing a SWIR transformed 

reflectance (STR)-normalized difference vegetation index (NDVI) space, finding the 

location of image pixels with known STR and NDVI values on the trapezoidal space, and 

then translating the values to soil moisture content by a physical model formulating soil 

moisture as a function of STR and NDVI values. SWIR-based OPTRAM has one distinct 
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advantage as it does not require thermal data, hence it applies to satellites with no thermal 

band (e.g., Sentinel-2). Today, several satellites (e.g., GeoEye-1, WorldView-2/4, 

IKONOS, Spot, Skysat1-2, and VENμS) with medium to high spatial (m-scale) and 

temporal (a few days) resolutions are in operation that do not provide SWIR data for soil 

moisture estimation. On the other hand, the widely used UAS mounted high spatial 

resolution cameras such as MicaSense RedEdge and Sequoia designed for PA application 

only provide visible (Vis) and NIR observations. This strongly motivated us to develop a 

second version of the OPTRAM model, relying on Vis and NIR observations for PA 

applications. In this approach, the STR parameter in the original OPTRAM model is 

replaced with a new parameter named near-infrared transformed reflectance (NTR) and 

thereby a new trapezoidal space, hereinafter termed “NTR-NDVI”, is introduced for 

estimation of soil moisture. 

In this paper, we present a new approach as a decision support tool for precision 

irrigation scheduling/management at the farm level. This approach is based on the 

integration of the RS-based high spatial resolution soil moisture estimates and in situ soil 

moisture sensor networks. The specific objectives include to (1) develop an optical 

UAS/Satellite-based approach (NTR-NDVI) using NIR data for monitoring and mapping 

soil moisture and plant available water at farm-scale estimation, (2) compare the NTR-

NDVI outputs against in situ sensor measurements for irrigation scheduling, (3) evaluate 

the performance of the new model against the traditional LST-NDVI estimates from UAS-

assisted thermal infrared imagery, and (4) simulate profile soil moisture dynamics using 

HYDRUS-2D. We applied the approach to an irrigated experimental field during a durum 

wheat cropping system in central Arizona from December 2017 to April 2018.  
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2.2. THEORY 

2.2.1 THE NEW NEAR-INFRARED OPTICAL TRAPEZOIDE MODEL 

 

Sadeghi et al. (2015) derived a non-linear relationship between relative soil moisture 

content (relative saturation, Sr) and transformed reflectance (TR) in the optical domain: 

     [2.1] 

where, TRdry and TRwet denote the TR at dry (θdry) and wet (θwet) conditions of soil, 

respectively, and σ is an empirical parameter between zero and unity. When σ is unity, Eq. 

(1) is converted to a linear equation. Eq. (2.1) has been successfully tested for bare soils in 

the laboratory (Sadeghi et al., 2015) and theoretically has been evaluated for vegetated 

soils (Sadeghi et al., 2017a). It has shown that σ is influenced by soil type and wavelength. 

The relationship between TR and soil moisture content is nearly linear (σ~1) in the NIR 

and quite linear (σ=1) in the SWIR range. Hence, Eq. (2.1) for NIR bands may be written 

as a linear form, as follows: 

        [2.2] 

 

with 

         [2.3] 

 
         [2.4] 

      

where, i and s are respectively the intercept and slope for the dry and wet edges. 

Equations (2.3) and (2.4) describe minimum and maximum NTR of soil at any NDVI values 
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corresponding to the lower (dry) and upper (wet) edges of the NTR-NDVI trapezoid (Fig. 

1). Combining Eqs. (2.2), (2.3) and (2.4) yields Eq. (2.5) for relative saturation as a function 

of NTR and NDVI values within each image pixel. Assuming that soil porosity is equal to 

volumetric saturation moisture content (θs), the relative saturation can be converted to 

volumetric soil moisture content (θ) by multiplying Sr by θs.  

       [2.5] 

The TR at NIR domain (NTR) and NDVI are calculated by (6) and (7):  

         [2.6] 

        [2.7] 

where, RNIR and RRed denote reflectance at NIR and red bands, respectively.  

Figure 2.1 illustrates a conceptual diagram for the NTR-NDVI trapezoidal space with 

one lower dry edge (DC line) and two upper wet edges (AB and BC lines). For the first wet 

edge, NTR values increase with increasing NDVI to a specific maximum value that depends 

on several factors, including vegetation density, vegetation water cover, vegetation species, 

plant growth stage, soil type, and soil moisture status. Beyond this specific NDVI value 

(NDVI at the cross-point B or NDVIcross with NTRmax), absorption in the red and reflectance 

in the NIR increase and lead to decreasing NTR vs. NDVI forming a second wet edge 

intersecting the dry edge at full vegetation cover. The wet edges are described by the wet 

line intercepts (iw1 and iw2) and slopes (swet1 and swet2) (Fig. 2.1). In Eq. (2.5), iwet and swet 

are equal to iwet1 and swet1 for NDVI≤ NDVIcross, and equal to iwet2 and swet2 for NDVI> 

NDVIcross.  
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Figure 0.1. Conceptual diagram of the NTR-NDVI feature space that is constructed by near-
infrared transformed reflectance (NTR) and normalized difference vegetation index 
(NDVI) along with the dry and wet edges and their parameters. 

 

2.2.2. THE OPTICAL-THERMAL TRAPEZOID MODEL 

Soil moisture may be estimated from the integration of optical and thermal data 

through a triangle/trapezoid feature space. If the data cover a wide range of fractional 

vegetation cover and soil moisture values, the scatter plot of land surface temperature (LST) 

and fractional vegetation cover (e.g., NDVI) forms a triangular/trapezoidal space (Moran 

et al., 1994; Wang et al., 2011; Shafian and Mass, 2015; Amani et al., 2016). Such a 

triangular/trapezoidal space is characterized by two physical edges representing extreme 

conditions of soil moisture at minimum (LSTwet) and maximum (LSTdry) surface 

temperatures, which are inversely related to relative saturation, Sr: 

       [2.8] 
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with 

        [2.9] 

        [2.10] 

where, i and s are the intercept and slope of the dry and wet edges, respectively. 

Equations (2.9) and (2.10) describe maximum and minimum LST for the soil-vegetation 

system at any NDVI values. Combining Eqs. (2.8), (2.9) and (2.10) yields Eq. (2.11) 

expressing relative saturation as a function of LST and NDVI values. Similarly, Sr can be 

converted to volumetric soil moisture by multiplying by soil porosity.  

      [2.11] 

 

2.3. METHODOLOGY 

2.3.1 TEST SITE, PLANTING, AND IRRIGATION 

The test site was an experimental field with a total area of 25m×215m (Fig. 2.2 top 

left). It is based at the University of Arizona’s Maricopa Agricultural Center, located 30 

km south of Phoenix, Arizona. The soil in the field is loam with average bulk electrical 

conductivity less than 3 dS m-1. The field was treated with appropriate levels of macro-

nutrients (nitrogen, phosphorus, and potassium, NPK) prior to planting. On November 29, 

2018, two replicates of a diversity panel of 252 wheat (Durum) accessions were planted in 

two-row plots in plots of 3.5 m length and 0.76 m width, in addition to seven ‘uniformity’ 

ranges at each end of the field planted to two different cultivars. The experiment was 

organized in 504 small 0.76 m ×3.5 m plots in a randomized row-column experimental 

design. During the first two weeks the field was irrigated using 14 high-pressure sprinklers 
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(Eagle 900 series) with a discharge rate of 1.35 liter per second to wet surface layer (field 

capacity) for seed germination. After that, using a subsurface drip irrigation system with 

34 tube lines buried 0.15 m deep and drippers with 0.0162 m diameter embedded in the 

drip lines at 0.30 m intervals and providing a discharge rate of 0.6 liters per hour (Fig. 2.2 

top right) irrigation management depended on optimum values of soil moisture from 

subsurface sensors.   

 

2.3.2. DATASETS  

2.3.2.1 UAS data and calibration 

The UAS platforms used in this study are a DJI Matrice 120 equipped with a 

MicaSense RedEdge camera (https://www.micasense.com) and a fix-wing SenseFly eBee 

equipped with a ThermoMap camera (https://www.phoenixdroneservice.com) with 

integrated GPS systems (Fig. 2.2 middle). We used these systems primarily due to their 

low cost, size, ease-of-use, and automatic flight control system.  

A number of individual campaigns for optical and thermal data collection were 

designed. Fig. 2.2 (bottom) displays a schematic for UAS flight paths. The flight dates are 

listed in Table 2.1. The MicaSense RedEdge camera viewed the soil surface with a 47.2˚ 

zenith angle in a compass direction parallel to the crop row directions and collecting images 

at 5 individual bands. All flights for the optical camera were designed to collect images 

with side and forward overlaps 75% and 80%, respectively (Condorelli et al., 2018). For 

the thermal infrared imagery, the side and forward overlaps were 90%. The UAS flights 

were conducted according to predefined parameters (altitude, speed, resolution, among 

others) set in the flight software and managed by remote control (~100 m control distance). 
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All the optical and thermal infrared images were acquired around solar noon, local time. 

The characteristics of UAS flights and the used optical and thermal cameras are 

summarized in Table 2.1.  

 

  

  

 

Figure 0.2. The experimental field and sub-surface irrigation system (top), DJI Matrice 120 
with GPS and MicaSense RedEdge camera with 5 spectral bands (middle left), SenseFly 
eBee with ThermoMap thermal infrared camera (middle right), and a schematic of UAS 
flight lines and location of TDR sensors sites (bottom). 
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Table 0.1. Characteristics of the UAS and satellite data used in this study. 

Sensor 
Bands 
(Wavelength, nm) 

Acquisition date  Features 

UAS (Optical) 
MicaSense 
RedEdge 
camera 

Blue (475) 

Green (560) 
Red (668) 
Near infrared (840) 
Red edge (717) 

20 Dec. 2017; 17 Jan. 2018 

23 Jan. 2018; 5 Feb. 2018 
20 Feb. 2018; 6 Mar. 2018 
20 Mar. 2018; 28 Mar. 
2018 

Spatial resolution: 0.02625 
m 

Field of view: 47.2 ˚  
Flight height: 43 m 
Flight speed: 5 m s-1 

Radiometric resolution: 8-
bit 

UAS (Thermal) 
ThermoMap 
camera 
 

 Feb. 2, 2018 
Feb. 22, 2018 
Mar. 6, 2018 
Mar. 28, 2018 

Spatial resolution: 0.0963 
m (640×512)  
Flight height: 43 m 
Temperature resolution: 
1˚C 
Flight speed: 9.8-12.3 m s-1 

VENµS Band 7 (Red, 667) 1 Feb. 2018; 3 Feb. 2018 Spatial resolution: 5.3 m 
Band 11 (Near 
infrared, 865) 

11 Feb. 2018 Temporal resolution: 2 
days 

Sentinel-2 Band 4 (Red, 665) 
Band 8 (Near 
infrared, 842) 

21 Dec. 2017; 24 Dec. 2017 
13 Jan. 2018; 23 Jan. 2018 
2 Feb. 2018; 22 Feb. 2018 
4 Mar. 2018; 14 Mar. 2018 
21 Mar. 2018 

Spatial resolution: 10 m 
Temporal resolution: 5-10 
days 

 

For calibration of MicaSense and ThermoMap data, Pix4dMapperPro software (Pix4D 

SA, Switzerland, http://pix4d.com) was utilized. For MicaSense, digital numbers of the 

images were converted to reflectance values using manufactured supplied reflectance 

panels with 10 cm diameter distributed in the field that was imaged at the beginning of 

each flight. The reference panels geolocated with Real-Time Kinematic (RTK) survey 

precision were utilized as ground control points (GCPs) to georeference and rectify 

orthomosaics (orthoimages) for each band. Orthomosaics are generated from overlapping 

images from different positions and orientations. In Pix4dMapperPro, the images were first 

aligned, and sparse 3D point clouds are generated. High accuracy GCPs measured by the 

RTK were then added to the aligned images. Thermal raw images were calibrated based 

on in situ surface temperature sensors and processed to obtain temperature orthoimages, 
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and then were converted to thermal index maps (temperature) using Pix4dMapperPro 

software. The workflow for processing of UAS data and estimation of soil moisture is 

summarized in Fig. 2.3.  

 

 

Figure 0.3. Flowchart illustrating data processing for UAS and satellite data for estimation 
and mapping soil moisture and plant available water. 

 

For generating NTR-NDVI space, MicaSense red and NIR bands with pixel size 

0.02625 m were utilized. For LST-NDVI space, the red and NIR images used for calculating 

NDVI were resampled to the spatial resolution of surface temperature images (i.e., 0.0963 
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m) using the nearest neighbor method in ArcGIS 10.3 (Esri, Redlands, CA). The reason for 

conducting such a resampling was providing LST and NDVI image layers with the same 

pixel size for constructing LST-NDVI trapezoid. The dry and wet edges of NTR-NDVI and 

LST-NDVI were finally determined using the visual fitting of Eqs. 2.3, 2.4, 2.9, and 2.10 to 

the point clouds (see section 4). 

 

2.3.2.2.Satellite data 

Recently launched optical satellites such as the ESA’s Sentinel-2 and the French-

Israeli VENµS (Vegetation and Environment monitoring on a New Micro-Satellite) with 

5.3 to 10 spatial resolution provide cutting-edge technology for irrigation management in 

PA. Basically, these two satellites were utilized for (1) evaluation of NTR-NDVI approach 

at satellite scale through the mapping of soil moisture and PEW, and (2) indicating how 

soil moisture and PEW change at UAV and satellite scales. Sentinel-2 (launched in June 

2015) is a multispectral imager with 13 spectral bands in the Vis, NIR, and SWIR region 

of the electromagnetic spectrum. VENµS (launched in August 2017) with 12 spectral bands 

in the Vis-NRI region and 5.3 m spatial resolution introduces a new level of relatively high 

spatial resolution Earth imaging for a wide range of scientific applications. Every 2 days, 

VENµS covers 50 sites representative of the World's main inland and coastal ecosystems. 

Detailed information about Sentinel-2 and VENµS are listed in Table 2.1. Comparing to 

other multispectral satellites (e.g., MODIS and Landsat), Sentinel-2 and VENµS could be 

good options for agricultural applications because they provide effective or average values 

of soil and crop properties over the entire field, which is helpful for general applications.  
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Based on the wheat planting (November 29, 2017) and harvesting (April 1, 2018) 

dates, cloud-free level 1C (L1C) Sentinel-2 and VENµS images in the red and near-infrared 

ranges were acquired and analyzed to generate the NTR-NDVI feature space for estimation 

of effective soil moisture and PEW. For Sentinel-2 images, the radiometric calibrations 

were performed to convert digital numbers (DNs) to the bottom of atmosphere (BOA) 

reflectance using Semi-Automatic Classification Plugin (SCP) in QGIS (USGS, 2016; 

Stratoulias et al., 2015). For VENµS, a scaling factor of 0.001 was utilized to convert DN 

values to the reflectance images (https://theia.cnes.fr). The images were projected into 

WGS84 UTM Zone 12. Sentinel-2 and VENµS data were acquired from ESA Sentinels 

Scientific Data Hub (https://scihub.copernicus.eu) and Theia French national inter-agency 

organization (https://theia.cnes.fr), respectively. Figure 2.3 summarizes the procedure used 

for the processing of UAS and Satellite data for the estimation of soil moisture and PEW.   

 

2.3.2.3.Soil moisture sensor network and in situ measurements 

Time domain reflectometry (TDR), the standard electromagnetic sensor in soil 

moisture sensing for more than 35 yr, measures soil dielectric permittivity for continuous 

monitoring soil moisture content (Jones et al., 2002; Robinson et al., 2003). The 

measurement of permittivity provides a highly accurate determination of moisture content 

in soil because the permittivity of water is about 80, while permittivities of solids and air 

are around 4 and 1, respectively (Sadeghi et al., 2018). From the measured apparent 

permittivity value, soil moisture content can be determined using either the third-degree 

universal polynomial of Topp et al. (1980) or dielectric mixing model (Roth et al., 1990). 
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Further details about the TDR technique and the measurement capabilities are given in 

Robinson et al. (2003).  

In order to measure soil moisture content and control irrigation, a TDR sensor network, 

including 6 sensor nests, was designed to measure and monitor surface, near-surface, and 

root zone soil moisture. Due to uniformity in the soil texture of the study field, the sensor 

nests were regularly distributed at three sites (A, B, and C) in the center of the filed, with 

40 meters far away from each other. When the soil is heterogeneous, electromagnetic 

induction (EMI) method can be used as a potential tool for characterizing the best location 

of sensors based on soil variability. Figure 2.2 (bottom) shows the location of soil moisture 

nests at sites A, B, and C. The commercial Acclima True TDR-315 sensors (Acclima, Inc.) 

were installed in the soil horizontally with respect to the ground surface in 1, 10, and 50 

cm depths (Fig. 2.4).  

Despite significant advances in sensor technology, we still lack probes specifically 

with surface and near-surface measurement capabilities. The issue with this measurement 

depth is that remote sensors observe the surface layer of soil, thus for calibration and 

validation of soil moisture estimates in situ surface (<2 cm) and near-surface (2-10 cm) 

measurements are required. To solve this, a prototype TDR array sensor with 8 individual 

probes deployed to measure surface and near-surface soil moisture (0-8 cm depth) with 1-

cm increments (Sheng et al., 2017). TDR array measurements with 1-cm resolution may 

allow improved evaluation of remotely sensed near-surface soil moisture estimates (Sheng 

et al., 2017). For each site, the TDR sensors were distributed within and between seed rows.  

All the permittivity values taken from the TDR sensors were converted to real 

volumetric moisture contents by Topp’s equation (Topp et al., 1980). Table 2.2 lists the 
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type, measurement depths, and the number of TDR sensors installed. All the measurements 

were carried out automatically at intervals 15 minutes during the wheat growing season. 

The sensor network was completely automated, and data were collected through remotely 

accessible data-loggers provided for each site. Irrigation scheduling was according to plant 

available water in soil (θThresh., see section 3.3) and performed based on the Acclima TDR 

measurements at 10 and 50 cm depths. The data from TDRs installed between the plant 

rows, measured at 12:00 PM and 18:30 PM corresponding to UAS flights and Sentinel-

2/VENµS satellite crossing time respectively, was used for validation of UAS/satellite-

based soil moisture estimates.  

 

Table 0.2. Summary of measurement depths, type and the number of TDR probes used in 
this study. 

Type of 
sensor 

Installed 
Depth of sensors 

Site A Site B Site C 

TDR Array Between/Within 
seed row 

0-1 cm; 1-2 cm; 
2-3 cm; 3-4 cm 

4-5 cm; 5-6 cm 

6-7 cm; 7-8 cm 

0-1 cm; 1-2 cm; 
2-3 cm; 3-4 cm 

4-5 cm; 5-6 cm 

6-7 cm; 7-8 cm 

0-1 cm; 1-2 cm; 
2-3 cm; 3-4 cm 

4-5 cm; 5-6 cm 

6-7 cm; 7-8 cm 

Acclima 
TDR 

Between/Within 
seed row 

1 cm 
10 cm 
50 cm 

1 cm 
10 cm 
50 cm 

1 cm 
10 cm 
50 cm 
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Figure 0.4. Study field and the TDR system at site A (central station) including TDR unit, 
solar panel and battery (a), TDR array probe installed in soil for measuring near-surface 
soil moisture (1-8 cm) with 1 cm resolution (b), and Acclima TDRs installed at 1, 10, and 
50 cm depths (c). 

 

2.3.3 PLANT AVAILABLE/EXTRACTABLE SOIL WATER CAPACITY 

As mentioned, plant available soil water capacity (PEW) as a physical index of soil 

water status in soil has a higher potential than absolute soil moisture for irrigation 

scheduling and precise management of water in PA. It is determined based on soil moisture 

content (θ) and the difference between field capacity (θFC) and permanent wilting point 

(θPWP). θFC is the θ at which gravitational water drainage is balanced by soil matric forces, 

while θPWP is the θ at which plants can no longer overcome soil matric forces to extract 

their required water amount and permanent wilting occurs. A threshold (θThresh.) value of 

θ between θFC and θPWP can be established via the selection of a management (maximum) 

allowed depletion (MAD) value (Cuenca, 1989) which is a portion of PEW allowed to be 

removed from the root zone before the plant suffers from water stress and irrigation is 

required. This optimum range of soil moisture is called “readily available water or plant 

extractable water” (PEW), which is more efficient for irrigation scheduling. The typical 
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values of MAD for shallow-rooted, medium-rooted, and deep-rooted have been reported 

as 0.33, 0.50, and 0.67, respectively (Cuenca, 1989). The θThresh. can be determined as: 

 

      [2.12] 

Fractional plant available water (PAWf) and plant extractable water (PEWf) in the soil 

are calculated as:   

        [2.13] 

        [2.14] 

 

where, 0 ≤ PAWf ≤ 1 when θPWP ≤ θ ≤ θFC and 0 ≤ PAWf ≤ 2.14 when θPWP ≤ θ ≤ θs. 

While 0 ≤ PEWf ≤ 1 when θThresh. ≤ θ ≤ θFC and -1 ≤ PEWf ≤ 3.31 when θPWP ≤ θ ≤ θs. The 

θFC (0.27 cm3 cm-3) and θPWP (0.11 cm3 cm-3) were determined from the average soil water 

characteristic (SWC) measured for 4 undisturbed samples collected from 10-15 cm and 30-

35 cm depths with HYPROB and WP4 methods in the laboratory (Fig. 2.5). The above 

ranges are based on assuming MAD equals to 0.5 (i.e., θThresh 0.190 cm3 cm-3) for wheat 

and laboratory-measured saturation moisture content 0.455 (±0.012) cm3 cm-3 for the field 

soil. Therefore, the negative values for PEWf indicate that the crop is under water stress 

and irrigation is required. 

The SWC may be described by the non-linear widely used model of van Genuchten 

(1980): 

       [2.15] 
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where, Sr is relative saturation (-), θr and θs are the residual and saturated volumetric 

moisture contents (cm3 cm-3), respectively, h is matric potential (cm), α is a scaling 

parameter related to the inverse of the bubbling pressure (cm-1), and n is a shape parameter 

that accounts for the pore size distribution (-). First, Eq. (2.13) was fitted to the measured 

soil moisture content-matric potential pairs, and the van Genuchten model parameters, 

including α, n, and θr were determined using the least-square optimization technique of the 

RETC program (Yates et al., 1992). Then, Eq. (2.15) was used to determine θFC and θPWP 

at matric potentials -330 and -15000 cm, respectively (Fig. 2.5).  

 

Figure 0.5. Measured (four replicates) and modeled average SWC of the study field soil 
profile used for determining θFC, θPWP and θThresh. in Eq. (12). 
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Using global soil databases is another approach for determining the SWC and plant 

available water. National and international SoilGrids can provide basic soil properties (e.g., 

clay, sand, silt, organic matter, bulk density, among others) with a reasonable spatial 

resolution for agricultural applications. Such basic properties can be linked with 

pedotransfer functions (Schaap et al., 2001; Babaeian et al., 2015) for estimation of soil 

hydraulic properties required for determining soil moisture content at field capacity and 

permanent wilting point. For example, ISRIC SoilGrids (Hengl et al., 2017), as a global 

database, provides soil information with a 250-m resolution at various soil depths. ISRIC 

soil data can be obtained as raster layers either via the web-mapping interface 

(www.soilgrids.org), FTP for smaller areas (ftp://ftp.soilgrids.org/data/recent/), or 

smartphone App.  

 

2.3.4 PROFILE SOIL MOISTURE DISTRIBUTION USING HYDRUS-2D 

Profile soil moisture simulations can provide continuous information on soil water 

status from the surface to below the root-zone and show the connection/disconnection 

between surface/near surface and root zone soil moisture. The HYDRUS-2D software 

package was utilized to infer soil moisture dynamics at a depth of TDR sensors and 

throughout the plant rooting depth in the soil profile (Šimůnek et al., 1999). HYDRUS-2D 

has been successfully used to simulate water flow in subsurface irrigation systems (Skaggs 

et al., 2004). HYDRUS-2D uses the two-dimensional form of Richard’s equation to 

describe transient water flow in isotropic unsaturated soils: 
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where, θ and h are the soil moisture content (cm3 cm−3) and the matric potential (-cm), 

respectively, x and z are the horizontal and vertical spatial coordinates (cm), respectively, 

 is time (day), S is the sink/source term (cm3 cm-3 d-1), K(h) is the unsaturated hydraulic 

conductivity function (cm d-1) given by: 

 

       [2.17] 

 

       [2.18] 

 

where, Kr and Ks denote relative (-) and saturated hydraulic conductivity (cm d-1), 

respectively, l (-) is a shape parameter that accounts for tortuosity and assumed to have a 

value of 0.5 (Mualem, 1976), and m is 1-1/n. 

A rectangular flow domain geometry with 300 cm length and 100 cm depth was 

assumed in a direction perpendicular to the crop row directions covering four crop rows 

equipped with four irrigation tubes (drippers) at 15 cm depth. The domain was discretized 

into 34803 2D finite elements with elements (triangles) significantly smaller at the soil 

surface and around the drippers and then their sizes smoothly increasing with distance from 

the surface/drippers (Fig. 2.6). The observation nodes (10 nodes) were selected at depths 

corresponding to TDR measurement depths. A system dependent boundary condition (BC) 

(time-variable flux BC, sub-surface drip irrigation) was selected along with elements 

representing the dripper during water flow in the numerical simulations in order to adjust 

the dripper discharge rate with time. Based on this BC, when the predetermined discharge 

rate of the subsurface dripper is larger than the soil infiltration capacity, the pressure head 

t
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in the dripper outlet increases and becomes positive. This positive pressure may 

significantly reduce the dripper discharge rate. (Lazarovitch et al., 2005). The boundary 

flux applied at the dripper (94 cm d-1) was calculated based on the dripper perimeter (radius 

0.81 cm) and the dripper discharge rate (0.6 liters/hour). An atmospheric BC and a free 

drainage BC were set along the soil surface and the bottom of the soil profile, respectively. 

The free drainage BC assumes a unit gradient along the lower boundary of the flow domain 

and applies in situations where the groundwater level does not affect the flow domain of 

interest (Šimůnek et al., 1999). The side boundaries of the flow domain were assigned as 

no flux BC (i.e., no lateral flow occurred in the profile) (Fig. 2.6). The initial conditions 

were set as matric potential (obtained from SWC and based on initial soil moisture 0.24 

cm3 cm-3 measured by TDR sensors at several points and depths at the onset of simulations) 

and equal to -6.7 m. Simulations were conducted from Dec. 30, 2017 to Mar. 28, 2018. 

During the simulations, values between 0.2 and 0.4 cm d-1 derived from the Earth Engine 

Evapotranspiration Flux (EEFlux, Allen et al., 2015) were used as actual 

evapotranspiration (ET) flux for the sink term in Eq. (2.16). The ET rate was input as 

separated values of evaporation (E), and transpiration (T) rates using fractional areas for 

bare and vegetated soil determined by fractional coverage concept (Sun, 2016) and Vis-

NIR UAS data.  

HYDRUS-2D can also simulate plant root water uptake via the model proposed by 

Feddes et al. (1978). According to Feddes’ model, root water uptake rates are assigned 

based on the matric potential of the soil water at the point of interest. A plant-dependent 

matric potential range exists wherein uptake rate is maximal, while beyond this range (i.e., 

when h is above or below this range), water uptake decreases linearly to zero. These h 
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values for wheat were set from the HYDRUS-2D database (Wesseling, 1991; Šimůnek et 

al., 1999). The root distribution was specified to be 1 at the soil surface, which decreased 

linearly to zero at 100 cm depth. The maximum rooting depth and the depth of maximum 

intensity of roots were set at 60 cm and 20 cm, respectively. Fig. 2.7 shows the irrigation 

and precipitation events along with their magnitude considered in the simulations. The 

daily soil moisture profile simulations were compared to the daily averaged TDR 

measurements. 

 

Figure 0.6. Scheme illustrating the 2D-flow domain covering four crop rows along with 
the finite element mesh, boundary conditions, locations of the four dripper sources, and 
observation points (TDR probes) at depths 1, 2, 3, 4, 5, 6, 7, 8, 10, and 50 cm within and 
between crop rows. 
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2.3.5 PERFORMANCE METRICS 

To evaluate the performance of remotely sensed soil moisture estimates (θRS) vs. in 

situ soil moisture observations (θTDR), the bias, the root mean squared error (RMSE), and 

the correlation coefficient (r) were applied as follows: 

 

       [2.19] 

 

       [2.20] 

 

       [2.21] 

 

where, N is the number of pairs of estimated and measured soil moisture, Var and Cov 

denote variance and covariance of data.  

 

2.4. RESULTS AND DISCUSSION 

2.4.1 TDR-BASED SOIL MOISTURE FOR IRRIGATION MANAGEMENT 

Figure 2.7 illustrates irrigation and precipitation events and their effects on soil 

moisture dynamics within and between plant rows measured by Acclima TDR sensor over 

the site A. The soil moisture values at θFC, θPWP, and θThresh are also displayed with 

horizontal dashed lines. A good match is observed between soil moisture contents 

measured within and between the rows by TDR sensors installed in 1 and 50 cm depth. At 

å =
-=

N

i iTDRRSN
bias

1
)(1 qq

å =
-=

N

i iTDRRSN
RMSE

1
2)(1 qq

)()(
),(

TDRRS

TDRRS

VarVar
Covr

qq
qq

=



 
100 

the same time, large discrepancies exist between them at depth 10 cm, which could be 

attributed to the limited extent of the wetting front that slightly affects soil moisture 

between plant rows. This relatively dry zone is observed in 2D maps from HYDRUS 

simulations (Fig. 2.8).  

It is observed from Fig. 2.7 that the TDR sensor controls the irrigation schedule by 

informing the farmer to run the drip irrigation at the time that the sensor-based soil moisture 

approaches the θThresh. During the first three weeks (0-500 hr) that the sprinkler irrigation 

system was in operation, the soil (0-50 cm) has experienced moisture content equals or 

larger than the field capacity. When the drip irrigation started via scheduling with TDR 

sensor installed at 10 and 50 cm depths (θ10 cm and θ50 cm), the optimum moisture content is 

observed in the soil (i.e., θThresh ≤ θ ≤ θFC or 0 ≤ PEWf ≤ 1). However, the surface TDR 

sensor (1 cm) frequently shows soil moisture below θThresh. This indicates that irrigation 

scheduling based on the surface sensor (θ1cm) will lead to too frequent irrigations owing to 

the relatively short drying time of the surface soil. This points out that the applied irrigation 

water and duration are sufficient to protect the plant against water stress.  
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Figure 0.7. Irrigation events, precipitation events, soil moisture distribution measured 
within and between seed rows by Acclima TDR sensor for Site A, field capacity (θFC), 
permanent wilting point (θPWP) and threshold (θThresh.) soil moisture contents. 

 

The difference between water amounts saved in conventional irrigation (with fixed 

irrigation rate) and TDR sensor irrigation based on θThresh. (reduced irrigation) during a 

growing season can economically be evaluated, and the savings can be paid for the cost of 

other inputs. This not only improves water application efficiency and crop water 

productivity but also conserve water for future applications. In the case where θPWP and θFC 
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are unknown, average predictions can be obtained from θs, with assuming θFC is 

approximately half of θs and θPWP is approximately half of θFC. The θs ranges between 0.30 

and 0.60 cm3 cm-3 for coarse- and fine-textured soils, respectively.  

 

2.4.2 HYDRUS-2D SOIL MOISTURE SIMULATIONS 

Knowledge about profile soil moisture dynamics is helpful for (1) understanding the 

connection between surface/near-surface and root zone soil moisture and detecting and 

controlling soil moisture distribution in the root zone and around the crop rows, and (2) 

predicting profile soil moisture dynamics with time. Figure 2.8 (left) displays soil moisture 

distribution 2D maps surrounding four neighboring drippers of a lateral installed at 0.15 m 

depth and throughout the soil profile (0-0.6 m) from the HYDRUS-2D numerical 

simulations for site A over four dates. The plots confirm the accuracy of 2D maps of soil 

moisture distribution in Fig. 2.8 right, which illustrates comparisons between the simulated 

soil moisture distributions between and within plant rows and corresponding in situ 

measurements from TDR sensors installed at various depths. As shown, a soil moisture 

gradient exists from soil surface to the root zone (dripper positions), revealing higher soil 

moisture around the drippers and downward soil profile. The HYDRUS-2D simulations 

capture in situ measurements within and between plant rows with RMSE and r values vary 

respectively from 0.035-0.136 cm3 cm-3 and 0.815-0.998 (within the plant rows) and 0.036-

0.086 cm3 cm-3 and 0.871-0.997 (between the plant rows). The shallow installation depth 

of dripper causes wetting front reaches the soil surface when greater quantities of irrigated 

water are applied, affecting soil surface reflectance as a predictor of soil moisture. 

Integration of such 2D maps of soil moisture distribution with UAS-assisted soil moisture 
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estimation maps helps better to characterize the spatial variability of root-zone soil 

moisture and characterize regions with lower moisture content (below θThresh.) for irrigation 

management applications. Such HYDRUS-2D soil moisture simulations can also be 

applied as calibration and prediction tools for forecasting soil moisture dynamics overtime 

at the sensor’s depth and rooting depth based on known water applications.  

 

 

Figure 0.8. Profile soil moisture map simulated by HYDRUS-2D for 0-0.6 m depth in four 
dates (left), and a comparison of simulations vs in situ observations from TDR array (0-
0.08 m) and Acclima TDR (0.1 and 0.5 m) within (in) and between plant rows for site A 
(right). 
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2.4.3. SOIL MOISTURE ESTIMATION FOR IRRIGATION MANAGEMENT 

2.4.3.1 UAS-assisted NTR-NDVI trapezoid 

Nevertheless, the UAS images with unprecedented spatial resolution enable capturing 

surface heterogeneities of soil. They add some challenges to RS data analysis. Hence, to 

precisely form the NTR-NDVI trapezoids from MicaSence RedEdge and ThermoMap high 

spatial resolution images, non-soil and non-vegetation pixels (i.e., shadows and dark 

pixels) were removed from the images and scatter plots. Image shaded pixels indicate quite 

lower reflectance and temperature values than pure soil and vegetation pixels leading to 

uncertainties in the shape of trapezoids (scattering points around the upper and lower 

edges) and thereby the estimation of soil moisture content. To detect and remove shadows, 

a supervised image classification method, so-called maximum likelihood classifier (MLC), 

was utilized using the classification toolbox and spectral signature analysis technique in 

ArcGIS 10.3 to detect and remove all shaded pixels from the images. Figure 2.9 displays 

an example of a false color composite image used in the MLC and the obtained three 

classified classes, including vegetation (wheat), bare soil, and shadows. The advantage of 

such red- and near infrared-based false color composite image is that any small changes in 

vegetation density and its characteristics (e.g., structure, water content) is highly reflected 

by these two relevant spectral bands, leading to a better delineation of soil/vegetation pixels 

from non-soil/vegetation pixels. 
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Figure 0.9. A false color composite image (R-G-B: NIR-Red-Green) (left) and the generated 
maximum likelihood classification map (right) for 5 Feb. 2018 (68 days after planting) used 
to detect and remove shaded pixels from the UAS images. 

 

The measured relationships between NTR and NDVI values obtained from the UAS 

MicaSense RedEdge data for each acquisition date are plotted in Fig. 2.10. From these 

plots we observe that (1) because of the unprecedented spatial resolution of the RedEdge 

camera, a large number of data points are contributed to constructing the trapezoidal feature 

space, (2) the constructed trapezoids characterize the conceptual NTR-NDVI feature space 

quite well (see Fig. 1) where all data points of NTR vs. NDVI for each acquisition date are 

set in the envelope of the trapezoids, and (3) the feature space is bounded with two upper 

wet edges intersecting at a point with maximum NTR and intermediate NDVI 

(corresponding to point B, Fig. 2.1). A lower nearly horizontal dry edge is intersecting the 

second wet edges at full vegetation cover (corresponding to point C, Fig. 2.1). Scatterplots 

in Fig. 2.10 indicates that the NTR and NDVI values are increased with the development of 

wheat cover with the values ranging from 0 to ~4 for NTR and 0 to ~0.95 for NDVI. The 

blue and red lines indicate the best lines fitted to the dry and wet edges data points. Based 
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on Fig. 2.10, two wet edges and one dry edge are characterized. The first wet edge has an 

upward slope that starts from a small NDVI value and ends at the largest NTR value, which 

is itself the onset for the second wet edge with a downward slope towards the largest NDVI 

value. Considering all the eight individual trapezoids (Figs. 2.10a-10h) and then overlaying 

the trapezoids, an integrated trapezoid was constructed (Fig. 2.10i). This integrated 

trapezoid was parameterized and used for the estimation of soil moisture. The advantages 

of such integrated trapezoid may be (1) reducing in computation time, (2) independence of 

the dry and wet edge parameters with time, and providing time-stable “effective” dry and 

wet edge parameters for the given field (crop). The dry and wet edges of the integrated 

trapezoid were used for the parameterization of Eqs. (2.3) and (2.4) and thereby estimation 

of relative saturation through Eq. (2.5). Table 2.3 lists the optimized values of the dry and 

wet edge parameters for the used filed. This set of parameters can be used for the same 

field and crop in future soil moisture predictions.  
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Figure 0.10. Pixel distribution within the NTR-NDVI space from UAS data for each 
acquisition date (or dates after planting) (a-h, individual trapezoids) and the integrated 
NTR-NDVI trapezoid (i). The solid/dashed blue and red lines represent the best fitted wet 
and dry edges, respectively.  

 

In our analyses, the wet and dry edges of the NTR-NDVI were determined based on 

the visual inspection approach, because the point clouds around the upper and lower 

boundaries have detectable edges and it is simple to exclude the outliers (scattered points) 
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around the main body of the NTR-NDVI trapezoid. Hence for our case, the visual fitting 

was not challenging and could result in acceptable estimates for soil moisture. In general, 

the visual fitting may affect soil moisture estimates via introducing bias and uncertainty in 

model output. For example, visual fitting is challenging when a large number of data points 

are scatted around the edges. Recently, Babaeian et al. (2018) investigated the effects of 

visual fitting on the accuracy of soil moisture estimation from MODIS satellite images. 

They conducted a sensitivity analysis by adding a range of random errors to the visually 

fitted parameters and checking the output and indicated that at the largest uncertainty level 

(i.e., ±20%) the RMSE only increases by 0.025 cm3 cm-3, representing that soil moisture 

estimation is not much sensitive to the visually fitted dry and wet edge parameters.  

2.4.3.2.Satellite-assisted NTR-NDVI trapezoid 

Governmental agencies commonly use satellite data for monitoring agricultural 

production (Allen, 1990; Atzberger, 2013). In this study, we used VENµS and Sentinel-2 

data to evaluate the performance of the NTR-NDVI approach at the satellite scale. 

Moreover, to indicate the spatial scale issue for farm-scale applications because satellite 

data can provide an average (practical) value of soil moisture status over the entire field 

for macro-management purposes in agriculture. Soil moisture maps from VENµS and 

Sentinel-2 can also be considered as a basis for the evaluation of soil moisture variability 

at the UAS scale. The integrated NTR-NDVI feature spaces from VENµS and Sentinel-2 

data along with the best fitted wet and dry edges are shown in Fig. 2.11. It is evident that 

if the values of VENµS and Sentinel-2 pixels are plotted in an NTR-NDVI scatter plot, 

similar trapezoidal shape as UAS RedEdge trapezoid is obtained. The only difference is 

that a lower density of point clouds forms due to their lower spatial resolutions than UAS 
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data. The second reason is due to the smaller number of available/cloud-free VENµS and 

Sentinel-2 images acquired during the wheat growth period resulted in a narrow range of 

NTR and NDVI values/parameters (see Table 2.1).  

Table 2.3 provides the optimized dry and wet edge parameters used in Eq. (2.5) for 

estimation of soil moisture based on VENµS and Sentinel-2 data. Due to different ranges 

of NTR and NDVI values in VENµS and Sentinel-2 integrated trapezoids, the dry and wet 

edge parameters are slightly different from UAS-assisted NTR-NDVI parameters, 

providing effective dry and wet edge parameters for estimation of effective (average) soil 

moisture in the entire field.   

 

Figure 0.11. Pixel distribution within the integrated NTR-NDVI space from VENµS (left) 
and Sentinel-2 (right) data. The solid/dashed blue and red lines represent the best fitted wet 
and dry edges, respectively. 

 

2.4.3.3.UAS-assisted LST-NDVI trapezoid 

Thermal infrared imagery has been previously used for remote sensing of soil moisture 

from satellite data. In thermal based remote sensing of soil moisture, a reasonable shape of 
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a trapezoid is the essence of all the models based on the land surface temperature-

vegetation index relationship. To our best knowledge, this study is the first to report on the 

use of UAS-assisted LST-NDVI for the estimation of soil moisture. Thermal infrared 

imagery provides a direct and fast technique for measuring soil and vegetation surface 

temperatures, which are, in turn, influenced by soil moisture and vegetation water content. 

Such high-resolution temperature data are worthwhile for retrieving soil moisture through 

the LST-NDVI trapezoid method.  

Figure 2.12 (left) displays an example of a high spatial resolution temperature image 

by the UAS thermal infrared camera for 97 days after planting (March 6, 2018) for a part 

of the wheat field in site A. It is evident that due to vegetation water, wheat shows lower 

temperatures than soil in the thermal images. Evaluation of UAS data based on Acclima 

TDR data indicates that the UAS-based temperatures correlated well to the in situ 

temperature observations over the three sites (Fig. 2.12, right), where the highest 

correlation values are observed for the upper layer of soil (i.e., 1 cm), followed by 10 and 

50 cm depths temperatures. The deviations between in situ and UAS-based temperatures 

may be attributed to (1) difference in measurement depth/volume of Acclima TDR sensor 

and sensing depth of thermal infrared camera providing larger deviations for depths 10 and 

50 cm, and (2) contribution of air temperature above the soil and canopy surface to the 

values measured by the thermal infrared camera resulting in additive effects on temperature 

values. These results indicate that high spatial resolution surface temperature from UAS 

thermal infrared in conjunction with high spatial resolution reflectance data in red and NIR 

from MicaSense RedEdge camera may be used to construct LST-NDVI feature space and 

thereby high spatial resolution estimation of soil moisture.   
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Figure 0.12. Surface temperature image measured by UAS thermal infrared camera on 6 
March 2018 (97 days after planting) (left), and correlations between measured surface 
temperature from UAS thermal infrared and in situ soil temperature from Acclima TDR-
315 sensor (sites A, B, and C) at depths, 1, 10, and 50 cm (right). 

 

Figure 2.13 illustrates the observed LST-NDVI feature space for each date (Fig. 2.13a-

13c) along with an integrated trapezoid (Fig. 2.13d) based on all three dates over the entire 

field. Based on Fig. 2.13, the observed LST-NDVI space has the same shape as the expected 
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(theoretical) LST-NDVI space in literature. Differences in the range of LST and NDVI 

values for the observed trapezoids may be attributed to differences in net radiation, 

atmospheric conduction (wind, humidity, air temperature, among others), and soil 

moisture/vegetation water content amongst the used dates/images. The integrated trapezoid 

was utilized to determine dry and wet edge parameters in Eq. (2.11) and estimation of soil 

moisture.    

Soil and vegetation homogeneity within the experimental field, as well as the high 

spatial resolution of thermal images, led to a large number of NTR and NDVI pairs. The 

number of outliers (non-soil and non-vegetation pixels) around the boundaries is small, 

suggesting the feasibility of using visual examination for precise determination of dry (hot) 

and wet (cold) edges. Hence, similar to NTR-NDVI space, the LST-NDVI edges were 

parameterized based on visual examination of the scatter plots and through fitting linear 

regressions to the upper and lower boundaries. Table 2.3 lists the dry and wet edges 

parameters of the integrated LST-NDVI trapezoid used for the estimation of soil moisture. 
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Figure 0.13. Pixel distribution within the LST-NDVI space from UAS data for each 
acquisition date and for different dates after planting (a-c, individual trapezoids) and the 
integrated LST-NDVI trapezoid (d). The solid/dashed blue and red lines represent the best 
fitted wet and dry edges, respectively. 

 

Table 0.3. The optimized dry and wet edge parameters obtained for each method used for 
estimation of soil moisture. 

Method 
# 

Images 
Used 

Equations 
Dry edge  Wet edge1  Wet edge2 
idry sdry  iwet1 swet1  iwet2 swet2 

UAS (NTR-NDVI) 8 (3, 4, 5) 0.02 0.01  0.77 5.2  8.3 -8.7 

UAS (LST-NDVI) 4 (9, 10, 11) 48.0 3.0  17.0 1.5  - - 

VENµS (NTR-NDVI) 3 (3, 4, 5) 0.65 0.3  1.0 3.5  4.1 -7.8 
Sentinel-2 (NTR-NDVI) 9 (3, 4, 5) 0.6 0.45  1.25 0.9  3.2 -3.0 
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2.4.3.4.Performance of soil moisture estimates 

Figure 2.14 displays the scatter plots of estimated soil moisture with UAS-assisted 

NTR-NDVI and LST-NDVI methods vs. in situ observations. We find that the soil moisture 

estimates derived from the NTR-NDVI method are positively correlated with the in-situ 

measurements from TDR array and Acclima TDR sensors for all depths (Fig. 2.14, top). 

Also, the best estimations are observed for 2-3 cm (based on the TDR array) and 1 cm 

(based on Acclima TDR) depths, respectively. This indicates that optical RS is more 

sensitive to the surface layer and observes the top few cm of soil. It is evident that the NTR-

NDVI model slightly overestimates surface soil moisture at 0-2 cm depth while 

underestimates at 4-50 cm depth. Possible reasons for these under/overestimations, could 

be due to the low penetration depth of optical data and scale mismatch or difference in 

support volume between optical camera pixels and measurement volume of TDR sensor. 

Another reason could be due to the narrow range of soil moisture measurements and 

estimations corresponding to UAS image acquisition dates. The high correlation between 

the NTR-NDVI estimates and those measured at deeper layers could be due to the strong 

connection between surface and root-zone soil moisture, providing an opportunity for 

indirect estimation of root-zone soil moisture from optical data. This connection has been 

previously reported in the literature (Wu and Dickinson, 2004; Mahmood and Hubbard, 

2007; Ford et al., 2014) and used for retrieving root zone soil moisture using data 

assimilation approach (Das et al., 2008; Draper et al., 2012; Dumedah et al., 2015; Montzka 

et al., 2011).   

For further evaluation of the NTR-NDVI performance, we compared the UAS-assisted 

LST-NDVI results versus in situ observations. The scatterplots in Fig. 2.14 (bottom) 
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compare LST-NDVI soil moisture estimates to TDR in situ measurements at different 

depths. Based on the TDR array measurements, the LST-NDVI approach significantly 

overestimates soil moisture at the surface (0-1 cm) and near-surface (1-8 cm) layer. While 

based on Acclima TDR measurements, it performs well for estimation of soil moisture at 

10 and 50 cm depths. Considering in situ measurements of the Acclima TDR, LST-NDVI 

estimates indicate the best results in terms of small bias and RMSE at 10 cm depth. It 

should be noted that the LST of a vegetated surface is less responsive to variations of 

surface soil moisture than the LST of a bare soil surface. In other words, plant canopy 

temperature and plant canopy water content are more affected by soil moisture content in 

the near-surface and root zone layers. Hence, with assuming a linear relationship between 

vegetation water content and soil moisture content, NTR-NDVI and LST-NDVI may be used 

for the estimation of soil moisture in the root-zone. In general, the soil moisture values 

estimated by the LST-NDVI approach are slightly higher than those estimated by the NTR-

NDVI approach based on both TDR array and Acclima TDR sensors. This could be partly 

due to the difference in the pixel size of optical and thermal images.  

Soil moisture estimation from the NTR-NDVI approach using VENµS and Sentinel-2 

data are plotted in Fig. 2.15. VENµS and Sentinel-2-based soil moisture estimates show 

high correlations with in situ soil moisture from TDR array and Acclima TDR for all the 

depths. Similarly, the best estimations from VENµS and Sentinel-2 are obtained for 2-3 

cm (based on TDR array) and 1 cm (based on Acclima TDR) depths. While the estimations 

at depths lower than 3 cm are more scattered around the 1:1 diagonal.  
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Figure 0.14. Scatter plot comparing soil moisture estimations from UAS-assisted NTR-
NDVI and LST-NDVI approaches to in situ soil moisture from TDR sensors at different 
depths and for the three sites in the field. 
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Figure 0.15. Scatter plot comparing soil moisture estimations from VENµS and Sentinel-
2-based NTR-NDVI approach to the in-situ soil moisture from TDR sensors at different 
depths and for the three sites in the field. 
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each site. Based on the error metrics values listed in Table 2.4, depending on the soil depth, 

the NTR-NDVI approach shows consistent results with r’s between 0.23 and 0.85 (for UAS 

data) and between 0.18 and 0.93 (for Satellite data), and RMSE’s between 0.024 and 0.10 

cm3 cm-3 (for UAS data) and 0.02 and 0.18 cm3 cm-3 (for Satellite data). Overall, the best 

results for the NTR-NDVI approach were obtained at the surface (based on Acclima TDR 

observations) and near-surface (based on TDR array observations), with higher correlation 

coefficients and lower errors than other depths at most of the sites. In addition, the errors 

obtained for each approach based on TDR array observations were in the same magnitude 

order to the errors obtained based on Acclima TDR data. However, the correlations were 

higher based on Acclima TDR soil moisture.  
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Table 0.4. Performance metrics for evaluation of NTR-NDVI and LST-NDVI approaches for soil moisture estimation. Bold values 
indicate the best performance for each approach over the soil profile. 
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2.4.3.5.Soil moisture mapping and variability 

Equations (2.5) and (2.11) in conjunction with UAS (RedEdge and ThermoMap 

cameras) and satellite (VENµS and Sentinel-2) images were employed to generate soil 

moisture variability maps with various spatial resolutions over the study field. Previous 

studies have indicated that due to connection between surface/near-surface and root-zone 

soil moisture, it is possible to accurately estimate root-zone soil moisture based on 

surface/near-surface soil moisture estimations (Wigneron et al., 1999; Manfreda et al., 

2014; Baldwin et al., 2017). However, the strength of this connection depends on many 

factors, such as soil wetness, climate, and vegetation cover (Ford et al., 2014). This means 

that the surface soil moisture from Satellite estimates can be connected to the soil moisture 

in the root-zone. The scatter plot in Fig. 2.16 depicts the best linear regression functions 

and correlation coefficients obtained between in situ soil moisture at the surface (1 cm) 

with those at near-surface (10 cm) and root-zone (50 cm, 0-50 cm). It is evident that soil 

moisture at 1 cm depth is highly correlated to the soil moisture at 10 cm (r=0.81) and the 

average soil moisture at 0-50 cm (r=0.91) depths. It is clear that soil moisture in the root 

zone provides more information about water status in soil and its uptake by plant roots. 

Accordingly, the empirical regression function derived between soil moisture at 1 cm, and 

0-50 cm (y=0.0645+0.85x) was used for calibration of RS-based estimated soil moisture 

maps and conversion of surface soil moisture estimates to root zone moisture estimates 

(Fig. 2.17). This root zone soil moisture map provides more accurate information about 

soil water status for precision irrigation management at the farm level.     



 
122 

 

Figure 0.16. Scatter plots indicating a relationship between the surface (1cm) and near-
surface (10 cm)/root-zone (50 cm, 0-50 cm) soil moisture measured by Acclima TDR 
sensors over sites A, B, and C (all together). The derived regression function of 1 cm vs 0-
50 cm was used to convert UAS- and satellite-based estimated surface soil moisture (1 cm) 
to those in the root zone (0-50 cm). 

 

An example of root zone soil moisture maps generated by each approach and remote 

sensing data is displayed in Fig. 2.17. It is evident that UAS-assisted NTR-NDVI and LST-

NDVI methods provide soil moisture maps with higher spatial resolution than VENµS and 

Sentinel-2 data across the field. For UAS-assisted NTR-NDVI approach, the generated root 

zone soil moisture map ranges between 0.07 and 0.45 cm3 cm-3 with a mean value of 

0.18(±0.04), while for LST-NDVI approach the range is between 0.06 and 0.36 cm3 cm-3 

with a mean value of 0.24(±0.03), indicating high variability of soil moisture in the field. 

The VENµS- and Sentinel-2-based NTR-NDVI maps show very similar soil moisture 

patterns. VENµS-based root zone soil moisture map ranges between 0.11 and 0.24 cm3 cm-

3 with a mean value of 0.17(±0.05), while the Sentinel-2-based map has values between 

0.12 and 0.22 cm3 cm-3 with a mean value of 0.17 (±0.04).  
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Figure 0.17. Root zone soil moisture (θ, cm3 cm-3) estimated maps from UAS-assisted 
NTR-NDVI (2.6 cm pixel size, 5 Feb. 2018), UAS-assisted LST-NDVI (9.6 cm pixel size, 
2 Feb. 2018), VENµS NTR-NDVI (5.3 m pixel size, 3 Feb. 2018), and Sentinel-2 NTR-
NDVI (10 m pixel size, 2 Feb. 2018) covering part of the wheat field. Black squares 
represent the location of the TDR unit in Site A. 
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In general, UAS-based NTR-NDVI and LST-NDVI approaches show almost similar 

root zone soil moisture maps over the entire field. The small deviations may be attributed 

due to (1) the difference in pixel sizes between optical and thermal images, (2) the 

uncertainty of soil moisture estimates due to the contribution of ambient atmospheric 

variables (e.g., air temperature close to surface, relative humidity, wind speed, among 

others) to the soil and vegetation temperature measured by a thermal infrared camera, and 

(3) a 1-2 days lag between the selected UAS and satellite images. It is evident that VENµS 

and Sentinel-2 root-zone soil moisture maps have the same mean value and similar soil 

moisture variability, applicable for effective (average) estimation of soil moisture over the 

entire field. While UAS data show higher soil moisture variability that Satellite data due to 

pixel size difference between UAS and VENµS/Sentinel-2 data that provide different 

values for the dry and wet edges parameters and, thereby, soil moisture estimation. While 

the high-resolution UAV-based maps show individual wheat rows, little information is 

contained in the VENµS/Sentinel-2 images. These high-resolution maps provide 

exceptional soil moisture measurements at a reduced cost for farm-scale irrigation 

management.  

2.4.3.6.Plant extractable soil water mapping and variability 

The absolute values of soil moisture only indicate the quantity of water in the soil and 

do not explain the ease of water uptake by plant roots. This is the reason that both the 

amount and availability of water in the soil are important for irrigation management in 

agriculture. In this context, Eq. (2.14) was employed to estimate and map plant extractable 

water (PEW) in soil. The PEW provides a more reliable measure for water use efficiency 

(WUE) (or more appropriately crop water productivity) and maximizes WUE because 
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irrigation at the right time can have a substantial increase in WUE. Figure 2.18 displays 

the estimated root zone fractional PEW maps using UAS and satellite data for the field. It 

is clear that the PEWf maps range between -1.4 and 3.4, where the negative values (i.e., 

θThresh.>θ) represent that there is no available water in the soil for uptake by plant roots, 

while the values larger than zero (i.e., θThresh.<θ) represent that water is available in the soil 

and plant roots can absorb water with consuming less energy. Similar to root zone soil 

moisture maps, VENµS and Sentinel-2-based PEWf maps show a narrower range and 

similar patterns for the spatial variability of PEW. Also, the PEWf map generated by the 

LST-NDVI approach shows slightly higher values than those from the NTR-NDVI 

approach, which could be explained by the overestimation of soil moisture using the LST-

NDVI approach (Fig. 2.17, Table 2.4).    

One key application of these high-resolution root zone soil moisture and plant 

extractable water maps could be in farm-scale precision and scientific irrigation scheduling 

for optimizing irrigation amounts in space and time. Scientific irrigation scheduling 

determines an estimated future water requirement over short periods (e.g., 2-5 days) to 

forecast the date of the next irrigation event and to meet crop water requirements and avoid 

water over- or under-applications. In this manner, scientific on-farm irrigation scheduling 

improves water productivity due to improved timing of water application. Schedules can 

be based on root zone soil moisture, crop response functions, plant extractable water, or a 

combination of these parameters. Also, in agriculture, it is essential to maximize economic 

productivity per unit of water applied to that area. Combining root zone soil moisture and 

PEW maps with ground sensor allow for planning water application optimization, 
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improving water application uniformity, by allocating more water to areas in the field with 

lower soil moisture and PEW.  

 

Figure 0.18. Fractional plant extractable water (PEWf) maps generated by Eq. 14 and Fig. 
5 based on UAS-assisted NTR-NDVI (2.6 cm pixel size, 5 Feb. 2018), UAS-assisted LST-
NDVI (9.6 cm pixel size, 2 Feb. 2018), VENµS NTR-NDVI (5.3 m pixel size, 3 Feb. 2018), 
and Sentinel-2 NTR-NDVI (10 m pixel size, 2 Feb. 2018). Black squares represent the 
location of the TDR unit in Site A. 
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2.5. SUMMARY AND CONCLUSIONS 

Water crises in arid and semiarid regions of the world demand immediate development 

of advanced RS techniques for farm-level water conservation. This study presents a ground 

sensor-remote sensing-based approach for estimation and mapping root zone soil moisture 

and plant extractable water as a decision support tool for farm-level precision irrigation 

scheduling and management. The approach relies on using UAS- and satellite-based optical 

data with a high spatial resolution to construct new trapezoidal space, called NTR-NDVI 

trapezoid, and integrating with ground sensors to estimate and mapping root zone soil 

moisture and plant available/extractable water. The performance of this approach for soil 

moisture estimation was evaluated against surface, near-surface, and rootzone soil moisture 

observations measured by two types of TDR sensors, including TDR array and Acclima 

TDR. Thus, extracting accurate near real-time root-zone soil moisture and PEW maps from 

UAS/satellite observations with an unprecedented spatial resolution for precision irrigation 

management is a key aspect of this paper. The NTR-NDVI–based estimated soil moisture 

was further compared to the estimations from the traditional LST-NDVI approach obtained 

from UAS thermal infrared data. The soil moisture estimations in conjunction with soil 

hydraulic parameters were utilized for determining and mapping fractional plant 

extractable water (PEWf). We applied the approach to a field irrigated (subsurface drip 

irrigation) based on a threshold soil moisture content measured by subsurface 

electromagnetic soil moisture sensor during a durum wheat cropping system in central 

Arizona.  

The ground sensors can be used to schedule irrigation via connection to the irrigation 

system. A soil dependent threshold value of root zone soil moisture (θThresh), which is 
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determined via consideration of soil hydraulic properties, is necessary for precise irrigation 

scheduling and water conservation. It was found that the NTR-NDVI-based soil moisture 

estimations from both UAS and VENµS/Sentinel-2 data were highly correlated with in situ 

observations from TDR array and Acclima TDR sensors. The estimation accuracy varies 

with soil depth with the highest accuracy obtained for the near-surface layer of soil. 

Significant correlations were observed between near-surface and root zone soil moisture 

measurements, provided calibration functions for converting the NTR-NDVI high 

resolution near-surface soil moisture maps to root zone soil moisture and PEW maps. The 

NTR-NDVI-based soil moisture estimates are slightly higher than those from the LST-NDVI 

approach, which could be due to pixel size differences between optical and thermal images. 

The HYDRUS-2D soil moisture simulations capture TDR measurements within and 

between plant rows. Integration of the HYDRUS-based 2D profile soil moisture maps with 

the UAS-assisted soil moisture maps helps to characterize better the spatial variability of 

soil moisture for precise irrigation scheduling and management at the farm-scale.   

The NTR-NDVI approach based on high spatial resolution UAS and Satellite (VENµS 

and Sentinel-2) data and in conjunction with ground soil moisture sensors may be used as 

a support tool for the farm-scale precision irrigation management. For example, high 

spatial resolution root-zone soil moisture and PEW maps enable crop producers to apply 

water more precisely and site specifically to match soil and crop status. Irrigation 

management based on soil water status will raise the productivity of water through 

improved irrigation timing to minimize the negative effects of water deficit on crop yield 

and quality. Besides, by aligning irrigation water application based on soil water status in 

the field, water diversions, including deep percolation and surface run-off, may be reduced, 
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energy use and other production costs may also be lowered, and the potential to move 

nutrients past the root zone may be decreased. The integration of RS-based soil moisture 

and PEW maps with automated pressurized drip or sprinkler systems may significantly 

facilitate irrigation scheduling. 
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