
Assessing Spatial and Temporal Variability in Cotton Yield, Soil Properties, and 

Profitability for Precision Agriculture in the Southern High Plains 

by 

Jasmine Neupane, M.S.

A Dissertation 

In 

Plant and Soil Science 

Submitted to the Graduate Faculty 

of Texas Tech University in 

Partial Fulfillment of 

the Requirements for 

the Degree of 

DOCTOR OF PHILOSOPHY 

Approved 

Dr. Wenxuan Guo 

Chair of the Committee 

Dr. Glen Ritchie 

Dr. Sanjit Deb 

Dr. Fangyuan Zhang 

Dr. Chenggang Wang 

Mark Sheridan 

Dean of the Graduate School 

August, 2021



 

 

© 2021, Jasmine Neupane



Texas Tech University, Jasmine Neupane, August 2021 

ii 

 

ACKNOWLEDGMENTS 

 

Firstly, I would like to express sincere gratitude to my advisor Dr. Wenxuan Guo 

for his guidance and constructive suggestions throughout the planning and development 

of this work. I would also like to thank my committee members Dr. Glen Ritchie, Dr. 

Sanjit Deb, Dr. Fangyuan Zhang, and Dr. Chenggang Wang, for their continuous 

guidance to conduct analysis and understand some crucial concepts. 

I am thankful to be a part of Texas Tech University and Texas A&M AgriLife 

that made my graduate studies possible. I would like to extend my gratitude to Mr. Jerry 

Brightbill, Late Mr. Randy Brightbill and Mr. John Grande from South Plains Precision 

Ag for offering the field for the research and the variable rate irrigation system setup. I 

would also like to thank the team of Dr. Veronica Acosta-Martinez, Dr. Katie Lewis and 

Dr. Lindsey Slaughter for providing their lab for soil chemical and microbial analysis. I 

am also thankful to Dr. Guofeng Cao for his help with spatial analysis and Dr. Charles P. 

West for his continuous motivation throughout my graduate studies. 

My sincere thanks go to my colleagues Zhe, Yazhou, Haibin, Ahmed, Tola, 

Rupak, and Bishnu for their support. I would also like to extend my thanks to Emma, 

John, Abraham, Mohammed, and Chris for helping me with data collection and 

preparation. I am grateful to all of those with whom I have had the pleasure to work 

during this and other related projects.  

I express my heartfelt thanks to my family for their everlasting love and blessings. 

I could not have made it here without them. Finally, I owe thanks to a very special 

person, my husband, Bishwoyog, for his sustained love, support, and understanding.  



Texas Tech University, Jasmine Neupane, August 2021 

iii 

 

TABLE OF CONTENTS 
 

ACKNOWLEDGMENTS ................................................................................................ ii 

ABSTRACT ...................................................................................................................... iv 

LIST OF TABLES .......................................................................................................... vii 

LIST OF FIGURES ......................................................................................................... ix 

1 GENERAL OVERVIEW ............................................................................................1 

 Introduction .......................................................................................................... 1 
References .................................................................................................................... 7 

2 SPATIAL PATTERNS OF SOIL MICROBIAL COMMUNITIES AND 

IMPLICATIONS FOR PRECISION SOIL MANAGEMENT AT THE 

FIELD SCALE ...........................................................................................................11 

Abstract ...................................................................................................................... 11 

 Introduction ........................................................................................................ 13 
 Materials and Methods ....................................................................................... 15 
 Results ................................................................................................................ 21 

 Discussion .......................................................................................................... 31 
 Conclusions ........................................................................................................ 36 

References .................................................................................................................. 38 

3 SPATIO-TEMPORAL VARIABILITY OF VEGETATION INDICES IN 

RELATION TO SOIL PROPERTIES, TOPOGRAPHY, AND COTTON 

YIELD .........................................................................................................................44 

Abstract ...................................................................................................................... 44 
 Introduction ........................................................................................................ 46 
 Materials and Methods ....................................................................................... 49 

 Results ................................................................................................................ 55 
 Discussions ......................................................................................................... 63 

 Conclusion .......................................................................................................... 67 
References .................................................................................................................. 69 

4 SPATIAL AND TEMPORAL VARIABILITY OF PROFIT IN EIGHT 

COMMERCIAL COTTON FIELDS IN THE SOUTHERN HIGH PLAINS .....73 

Abstract ...................................................................................................................... 73 

 Introduction ........................................................................................................ 74 

 Materials and Methods ....................................................................................... 78 
 Results ................................................................................................................ 86 
 Discussion .......................................................................................................... 93 
 Conclusion .......................................................................................................... 97 

References .................................................................................................................. 99 

5 SUMMARY ..............................................................................................................103 

A. APPENDICES ..........................................................................................................105 

 



Texas Tech University, Jasmine Neupane, August 2021 

iv 

 

ABSTRACT 

 

Understanding the spatio-temporal variability of soil properties, topography, crop 

growth, vegetative indices, and yield are the key prerequisites in developing strategies for 

precise management of agriculture inputs and production practices. However, very 

limited studies have conducted an integrated study including different aspect of soil and 

crops in site-specific management. Hence, the objectives of this study were to: 1) 

characterize the spatial variability patterns of soil microbial communities at the field 

scale; 2) assess the effects of soil physicochemical properties and topography on soil 

microbial spatial variability; 3) evaluate the pattern of spatial and temporal variation of 

vegetation indices at the within-field scale; 4) determine the influence of soil properties 

and topography on the variability of normalized difference vegetation index (NDVI) and 

enhanced vegetation index (EVI); 5) assess the application of NDVI and EVI in 

predicting cotton yield at the commercial field scale in the Southern High Plains; and 6) 

understand the factors affecting the spatial and temporal variability of profit and utilizing 

this variability in precise management of agricultural inputs.  

This study was conducted in ten fields located in the Southern High Plains (SHP) 

in the years 2000, 2001, 2002, 2003, and 2017. Soil physical, chemical, and microbial 

properties for a 194-ha field were derived using 212 soil samples collected from the field. 

Soil apparent electrical conductivity (ECa) data were obtained using an EC mapping 

system. Soil type information was derived for each field from the USGS soil survey 

database. Yield data were collected using harvesters equipped with yield monitors and 

global positioning systems (GPS). Digital elevation data were collected using a real-time 

kinematic GPS system. Elevation, slope, and curvature were derived from the digital 
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elevation data. NDVI and EVI were derived from multiple in-season Landsat remote 

sensing images. The information for the cost of input and output for eight out of ten fields 

was collected from the farmer's crop reports. The relationship between yield, soil 

properties, apparent electrical conductivity, topography, and remote sensing images, and 

profit were evaluated. Several statistical and geostatistical methods were used to 

determine the spatial and temporal variation of soil properties, topography, vegetation 

indices, yield, and profit across the fields under study.  

In fields with high variability in soil physicochemical properties and topography, 

soil organic carbon and soil water content were the main factors influencing the spatial 

variability of total soil microbial biomass. The spatio-temporal patterns of vegetation 

indices, such as NDVI and EVI were also found to be significantly influenced by the 

spatial distribution of soil and topographic properties, specifically, elevation and apparent 

soil electrical conductivity. NDVI and EVI predicted cotton yield in all the years under 

study with good accuracy, but EVI showed better prediction performance compared to 

NDVI due to its higher sensitivity to vegetation. Moreover, average yield and profit also 

showed significant spatial and temporal variability in the fields under study. For the fields 

with lower variability in soil and topographic properties, profit was significantly different 

in different clusters. In fields with higher variability in soil and topographic properties, 

profit was inconsistent in the clusters across different growing seasons.  

The information on soil microbial variability could be used to develop strategies 

for site-specific management to enhance soil health, especially in semi-arid crop 

production systems. Understanding the influence of soil and topographic properties on 

the spatio-temporal distribution of vegetation indices and yield prediction performance 
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can help select the proper vegetation indices for yield prediction and devising strategies 

for precise input management. Moreover, the knowledge on variability of profit at spatial 

and temporal scales provides the potential for site-specific management of agricultural 

inputs such as irrigation in these clusters or management zones based on the variability of 

the field. Overall, this study suggested that variability in soil and topography can 

influence crop growth, yield, and profit in the field. And this information can be utilized 

to create site-specific management strategies that can have real-world practical 

application in the sustainability of agriculture and conservation of the environment.  
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CHAPTER I 

1 GENERAL OVERVIEW 

 

 Introduction 

Precision agriculture (PA) is an approach to manage farm using information from 

advanced technologies for ensuring optimal productivity and environmental sustainability 

from agricultural enterprises (Cisternas et al., 2020). Conventional farming methods rely 

on managing large fields uniformly without considering the site-specific variability of 

soil and topographic properties at the within-field scale (Khosla et al., 2002). However, 

with the growing population, conventional farming methods in limited arable acreage 

cannot keep pace with this ever-growing demand, especially in changing climatic 

conditions (De Caires et al., 2015). Hence, there is a growing need for precision or site-

specific agriculture techniques that can support higher agricultural production, maximize 

land usage, increase time and effort efficiency, reduce the use of agriculture inputs, and 

minimize the negative impact on the environment. Though the definition of PA keeps 

evolving with emerging technologies and understanding of what is achievable 

(McBratney et al., 2005), the concept of PA started around the early 1980s with the 

development of various technologies to assess field variabilities such as soil survey, soil 

testing and mapping, and crop yield monitoring (Searcy et al., 1989; Blackmore, 1994; 

Olson, 1998; Robert, 1999; Al-Kufaishi et al., 2006). Major technologies involved in 

precision agriculture today include geographic information system (GIS), global 

navigation satellite system (GNSS), auto-steering, yield monitoring, variable rate 

technology, proximal sensing, and satellite or UAV-based based remote sensing that 

range from mapping to site-specific applications (Pedersen and Lind, 2017).  
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PA or site-specific crop management (SSCM) is based on observation, 

measurement, and action in response to inter and intra-field variability in soil properties, 

topography, and crop growth parameters.  Inherent field properties such as soil texture 

and topography influence the distribution of soil water and nutrients across the field, 

which in turn affect crop growth and yield (Hake and Grimes, 2010; Duncan, 2012; 

Neupane and Guo, 2019). Several studies have shown that the correlation of soil and 

topographic properties with crop growth parameters and yield is significant enough to be 

included while developing site-specific input management strategies using advanced 

technologies such as variable rate irrigation (VRI) systems (Wiggins et al., 2014; 

O’Shaughnessy et al., 2016; Boenecke et al., 2018; Cisternas et al., 2020). Understanding 

of variability of relatively stable properties of the field such as soil texture, soil apparent 

electrical conductivity, elevation, and slope can be useful in determining the dynamic 

field properties such as soil microbial variation which can ultimately contribute towards 

integrated soil health management (Lehman et al., 2015; Bhandari et al., 2018; Le 

Guillou et al., 2019). Several studies have shown that the spatial distribution of soil 

organisms influences plant growth and possibly yield (Tautges et al., 2016; Liu et al., 

2020). However, due to the dynamic nature of soil microbial properties and the complex 

interaction of soil properties and topography at the field scale (Robertson, 1987; 

Piotrowska and Długosz, 2012; Piotrowska-Długosz et al., 2019), very few field studies 

have evaluated the spatial variability patterns of soil microbial groups and its implications 

in precision agriculture management (Powell et al., 2015; Shi et al., 2018; Piotrowska-

Długosz et al., 2019). Integrating the information on the variability of stable and dynamic 

properties of the field with the information from soil and plant sensors, GIS, and 
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simulation models can help in the creation of holistic decision support systems for site-

specific management of inputs in the field.  

With the increasing use of remote sensing in agriculture, understanding the 

variability of reflectance/emittance based vegetation indices (VIs) can be useful in yield 

prediction and management zones delineation in the field (Meng et al., 2017; Liu et al., 

2021). Due to their relatively free and continuous access, the use of satellite-based 

remotely sensed images has been found to be highly suitable for the evaluation of spatio-

temporal variability in crop growth and change detection based on time-series and spatial 

analysis (Blasch et al., 2015a; b). The VIs derived from satellite-based remotely sensed 

images can serve as a proxy to identify the variabilities in the field at the spatio-temporal 

scale for precision agriculture management (Basnyat et al., 2005; Xue and Su, 2017). The 

development of VIs derived from remotely sensed images started in the early 1980s 

(Tucker, 1979; Tucker et al., 1980). Normalized Difference Vegetation Index (NDVI) is 

one among the early developed vegetation indices that is still the most popular indicator 

for studying vegetation health and crop production due to its close relation with canopy 

leaf area index and fAPAR (fraction of Absorbed Photosynthetically Active Radiation) 

(Atzberger, 2013; Haghverdi et al., 2018). Enhanced vegetation index (EVI) has also 

been used in detecting growth changes and predicting yield and found to be helpful in 

minimizing soil background and atmosphere influences in reflectance data compared to 

NDVI as it also uses the blue band in addition to red and near-infrared bands (Kouadio et 

al., 2014; Meng et al., 2017). These VIs leverage the consistent difference in interactions 

(i.e. absorption, emittance, transmission, and reflectance) with crop canopies between red 

and near-infrared radiation, and this interaction depend on the type of crop and growth 
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stages (Clevers, 2014). There are several studies predicting yield using remotely sensed 

vegetation indices such as NDVI and EVI (Basnyat et al., 2005; Iqbal et al., 2013; Liu et 

al., 2015; Meng et al., 2017; Blasch et al., 2020). However, limited studies have been 

conducted to determine how soil properties and topography influence the spatial and 

temporal variability of such indices at the field scale. This indicates the need for an 

integrated study focusing on the relationship between yield and vegetation indices and its 

implications for precision agriculture management. 

Despite the introduction and use of advanced technologies in agriculture, the 

adoption of precision agriculture technology and strategy in agriculture is still a challenge 

at the production level. While some PA technologies such as (Global navigation satellite 

system) GNSS guidance system have been an integral part of agriculture systems across 

the world, variable rate technology (VRT) such as VRI adoption have seldom exceeded 

20% of farms (Lowenberg-Deboer and Erickson, 2019). Several studies have shown that 

the challenges in the adoption of  VRT technology are the scale of agriculture (field scale 

vs plot scale), lack of skill to process and utilize the data, and most importantly, the lack 

of scientifically validated procedures that determine the variable rate application of inputs 

and their profitability (Schimmelpfennig, 2016; Lowenberg-Deboer and Erickson, 2019). 

Though VRT technologies, such as VRI, are relatively mature, the decision support 

systems are not well established or reliable enough for producers to use directly in their 

field. Unlike other PA technologies, VRT needs additional information for 

implementation that is specific to each field. Specifically, VRI helps to improve site-

specific management of irrigation based on the intrinsic properties of the field and crop 

requirement. Hence, soil type, soil texture, elevation, slope, curvature, yield potential, 
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weather conditions, crop type, etc., are some of the basic information that is needed to 

properly design management zones in the field for the application of VRI. This adds to 

the cost of production not only for implementing the technology but also to hire trained 

professionals to process the data and get the desired information. On the other hand, most 

of the studies on VRI have been conducted in small-scale experimental fields that do not 

consider the large-scale variability present in the field and, therefore, not applicable for 

use in the real world situation (Kravchenko et al., 2017). Some studies have been done at 

the farm or commercial scale to determine the potential and effectiveness of VRI 

(Watkins et al., 1998; McClymont et al., 2012). However, either these studies have been 

done in single fields or multiple fields of different farms. This indicates the need for 

field-scale studies integrating the field variability and cost-benefit analysis of commercial 

site-specific management strategies and the impact on the environment (Neupane and 

Guo, 2019). Hence, the decision support systems for site-specific crop management that 

are created through such on-farm experiments using the precision agriculture tools and 

the profitability analysis is critical for the adoption of VRI by farmers.    

In this study, we hypothesized that the intrinsic variability of stable field 

properties such as soil texture, elevation, slope, and apparent soil electrical conductivity 

has an influence on the dynamic properties of the field related to soil and crop such as 

soil microbial biomass distribution, vegetation indices, and crop yield. Also, we 

hypothesized that such properties of the field influence the spatio-temporal distribution of 

profit and the decision support system incorporating the variability of field properties, 

yield, remotely sensed vegetation indices, and profit can help in the adoption of PA tools 

such as variable rate technology. This study was conducted in 10 different commercial 
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fields, and the specific objectives of this study were to: 1) characterize the spatial 

variability patterns of soil microbial communities at the field scale; 2) assess the effects 

of soil physicochemical properties and topography on soil microbial spatial variability; 3) 

evaluate the pattern of spatial and temporal variation of VIs at the within-field scale; 4) 

determine the influence of soil properties and topography on the variability of NDVI and 

EVI; 5) assess the application of NDVI and EVI in predicting cotton yield at the 

commercial field scale in the Southern High Plains; and 6) understand the factors 

affecting the spatial and temporal variability of profit and utilizing this variability in 

precise management of agricultural inputs.   
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CHAPTER II 

2 SPATIAL PATTERNS OF SOIL MICROBIAL COMMUNITIES AND 

IMPLICATIONS FOR PRECISION SOIL MANAGEMENT AT THE FIELD 

SCALE 

 

Abstract 

Understanding the spatial patterns of soil microbial communities and influencing 

factors is a prerequisite for soil health assessments and site-specific management to 

improve crop production. However, soil microbial community structure at the field scale 

is complicated by the interactions among topography and soil properties. The objectives 

of this study were to 1) characterize the spatial variability patterns of soil microbial 

communities at the field scale; 2) assess the influence of soil physicochemical properties, 

topography, and management on soil microbial biomass spatial variability. This study 

was conducted in a 194-ha commercially managed field in Hale County, Texas, in 2017. 

A total of 212 composite soil samples were collected at 0-15 cm depth and analyzed via 

the ester-linked fatty acid methyl ester (EL-FAME) method to characterize the microbial 

community structure and biomass. Soil electrical conductivity (EC), pH, soil texture, soil 

water content (SWC), soil organic carbon (SOC), and total nitrogen (TN) were 

determined for each soil sample. Topographic attributes, including elevation and slope, 

were derived from real-time kinematic (RTK) point elevation data. Interpolated microbial 

community maps at this scale revealed a spatially structured distribution of microbial 

biomass and diversity with patches of several hundreds of meters at different directions 

corresponding to the distribution of soil types and topography. Most of the microbial 

communities were autocorrelated at greater ranges within the same soil types than across 

different soils. The distribution of total soil microbial biomass was mainly affected by 
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SOC and SWC. Soil pH and C:N ratio were negatively correlated with the biomass of 

bacterial communities. Biomass of fungal communities was negatively influenced by 

slope and elevation across the field. The results of this study have the potential to provide 

a basis for designing soil sampling plans in characterizing microbial community 

distribution and site-specific soil health management.  
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 Introduction 

Soil microorganisms are an essential component of soil ecosystems that perform 

functions related to soil health and plant growth (Cano et al., 2018; Le Guillou et al., 

2019). Although soil biota typically represents less than 0.05% of dry soil weight, they 

have the greatest diversity among all ecosystems. They are responsible for organic matter 

decomposition, carbon sequestration, nutrient cycling, water availability, and other 

ecosystem services in soils (Lehman et al., 2015). These microorganisms, in interaction 

with other environmental variables, can influence crop growth and production (Lehman 

et al., 2015). They contribute to healthy crop production by enhancing water acquisition 

by plants, suppressing diseases and weeds, increasing aeration, reducing soil compaction 

for proper root growth, and exuding enzymes that recycle plant nutrients (Parkin, 1993; 

Brussaard, 1997; Wall et al., 2004).  

An in-depth understanding of the effects of management practices, soil 

physicochemical properties, and topography on soil microbial community size, 

composition, and activity can help the precision management of soil microorganisms in 

the field (Bhandari et al., 2018; Le Guillou et al., 2019). Various management practices 

can influence soil biological components that affect the efficiency of other agricultural 

inputs (Ryan and Peigné, 2017). For example, tillage affects soil physicochemical 

properties such as soil moisture and nutrient distribution, which influences the size and 

distribution of soil microorganisms (Le Guillou et al., 2019). The spatial and temporal 

distribution of microorganisms at the landscape scale is also complicated by the 

interactions among topography, soil type, and SWC (Cavigelli et al., 2005; Constancias et 

al., 2015). The soil properties, such as texture, organic matter, and management-derived 
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compaction, influences soil pore characteristics that, in turn, affect the spatiotemporal 

distribution of soil microbial biomass (Rasiah and Kay, 1999).  

Recent studies have shown that the spatial distribution of soil organisms 

influences plant growth and possibly yield (Tautges et al., 2016; Liu et al., 2020). 

Geostatistical analysis of soil microbial community composition can reveal the 

underlying soil processes that fully or partially contribute to crop growth and yield 

variability. This is especially important in field-scale studies where intensive soil 

sampling is challenging, and various factors such as soil properties and topography 

complicate the analysis (Robertson, 1987; Piotrowska and Długosz, 2012; Piotrowska-

Długosz et al., 2019). As a result, few field studies have evaluated the spatial variability 

patterns of soil microbial groups (Powell et al., 2015; Shi et al., 2018; Piotrowska-

Długosz et al., 2019). A study conducted in France showed that microbial indicators 

exhibited a high spatial heterogeneity at a field level that masked the effect of soil and 

crop management treatments (Peigné et al., 2009). This study also showed that the 

biological variables exhibited spatial variability of the same order of magnitude as 

physicochemical parameters. Several studies indicated the presence of autocorrelation 

among selected microbial variables at different spatial scales (Franklin and Mills, 2003; 

Piotrowska and Długosz, 2012; Serna-Chavez et al., 2013; Constancias et al., 2015; 

Naveed et al., 2016). The variations in microbial community and its turnover could be 

due to environmental factors (Ranjard et al., 2013; Powell et al., 2015; Karimi et al., 

2018; Le Guillou et al., 2019). Such information can facilitate site-specific management 

of crop inputs based on the spatial variability of organisms, such as earthworms, 

nematodes, protozoa, fungi, bacteria, and arthropods (Osman, 2013). However, most of 
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the studies on spatial variability of soil microbes are conducted either at a small or global 

scale that might not represent the field-scale soil microbiological processes.  

Despite their critical roles in soil productivity and plant growth, the spatial 

variability of soil organisms is not considered in most site-specific studies because the 

measurements of soil microbial communities are complex, time-consuming, labor-

intensive, and cost-prohibitive. However, it is imperative to evaluate the spatial patterns 

of soil microbes and associated influencing factors for assessing soil health and site-

specific management. The hypotheses were a) soil microbial communities have 

significant spatial variability, and b) the variability structures are affected by soil 

properties, such as SWC, soil texture, organic matter, and pH, and topography at the field 

scale. Hence, the objectives of this study were to 1) characterize the spatial variability 

patterns of soil microbial communities at the field scale; 2) assess the effects of soil 

physicochemical properties and topography on soil microbial spatial variability.  

 Materials and Methods 

2.2.1 Study field and management  

 The study was conducted in a 194-ha field (33°57'26.31" N, 101°47'20.31" W) in 

the Southern High Plains of Texas in 2017 (Figure 2.1). This semi-arid area has an annual 

rainfall ranging from 260 mm to 600 mm, with a median summer rainfall of 292 mm, 

about one-third of the potential crop evapotranspiration of 846 mm (Mauget et al., 2017). 

Continuous cotton cropping was practiced for more than five years before the study. The 

soils in this area are characterized by well-developed deep soils, with increasing clay and 

accumulations of calcium carbonate in subsoil horizons (NRCS, 2008; Steiner et al., 

2018). The surface soil texture of the field varies from sand to sandy loam, which is 
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representative of the soils in this region (USDA-NRCS 2018). The soil types are mainly 

Pullman clay loam (Fine, mixed, superactive, thermic Torrertic Paleustolls) and Olton 

loam (Fine, mixed, superactive, thermic Aridic Paleustolls), as indicated by the soil map 

units from the NRCS Soil Survey Geographic Database (SSURGO) (Figure 2.1). The 

Pullman soils occur on nearly level to very gently sloping plains or playa slopes, 

consisting of very deep, well-drained, slowly permeable soils formed in clayey eolian 

deposits from the Blackwater Draw Formation. It typically contains a profile of Ap and 

several Bt and Btk horizons that extends up to 2 m depth. The Olton loam occurs on 

plains with low slopes and upper side slopes of playas and draws. This soil consists of 

very deep, well-drained, moderately slowly permeable soils formed in clayey, calcareous 

eolian sediments in the Blackwater Draw Formation. An Olton loam typically contains a 

profile of A and several Bt and Btk horizons that extends up to 2.5 m depth (Soil Survey 

Staff, 1974). The playa lake area with Randall clay (Fine, smectitic, thermic Ustic 

Epiaquerts) on the southeast side of the field was not cultivated.  
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Figure 2.1 Study site with soil sample locations and soil map units for a 194-ha field in 

Hale County, Texas in 2017. 

(Basemap source: Esri, DigitalGlobe, GeoEye, i-cubed, USDA FSA, USGS, AEX, Getmapping, Aerogrid, 

IGN, IGP, swisstopo, and the GIS User Community) [EsB: Estacado loam, 1 - 3% slopes (Fine-loamy, 

mixed, superactive, thermic Aridic Paleustolls); MkB: Mansker loam, 0 - 3% slopes (Coarse-loamy, 

carbonatic, thermic Calcidic Paleustolls); Lo: Lofton clay loam: 0.5% slopes (Fine, mixed, superactive, 

thermic Vertic Argiustolls); OtA: Olton loam, 0 - 1% slopes (Fine, mixed, superactive, thermic Aridic 

Paleustolls); OtB: Olton loam, 1 - 2% slopes (Fine, mixed, superactive, thermic Aridic Paleustolls); PuA: 

Pullman clay loam, 0 - 1% slopes (Fine, mixed, superactive, thermic Torrertic Paleustolls); Ra: Randall 

clay (Fine, smectitic, thermic Ustic Epiaquerts) (Soil Survey Staff, 1974)].  

2.2.2 Soil sampling 

 A total of 212 core soil samples were collected at 0-15 cm depth in April 2017 from 

eight circular transects spaced 100 m apart (Figure 2.1). The sample spacing was 100 ±30 

m along each transect, depending on its distance from the field center. The sampling 

locations were determined using a real-time kinematic (RTK) GPS receiver (AgGPS 214, 

Trimble, Sunnyvale, CA). Composite soil samples, each with three cores within 2 m from 
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the target location, were collected at 0-0.15 cm depth. The south half of the field was tilled 

two months before soil sampling. No samples were collected in or around playa lake.  

2.2.3 Soil physical and chemical analyses 

 Soil particle size analysis was performed using the hydrometer method (Gee and 

Bauder, 1986) with an ASTM 152-H hydrometer (Thermo Fisher Scientific, Waltham, 

WA). Soil pH was measured using a pH meter (Model 89231-582, VWR, Radnor, PA) at 

the soil to water ratio of 1:1 (w/v), and electrical conductivity (EC) was measured using 

an EC meter (Model 89231-614, VWR, Radnor, PA) at the soil to water ratio of 1:5 

(w/v). The SWC was determined using the gravimetric method. Each soil sample of 

approximately 50 g was oven-dried at 105 C for 24 hours for computing gravimetric 

water content. The total nitrogen (TN) and total SOC were measured via dry combustion 

using a TruSpec CN analyzer (LECO Corporation, St. Joseph, MI).  

2.2.4 Soil microbial analyses 

Soil microbial community size and biomass were characterized using the ester-

linked fatty acid methyl ester (EL-FAME) method (Schutter and Dick 2000). This 

analysis provides information on microbial community size and composition (Cano et al., 

2018). In the EL-FAME method, each soil sample of 3 g was analyzed in four steps. 

First, the release and methylation of ester-linked fatty acids were conducted at 37 °C by 

adding 15 ml of 0.2 KOH in methanol for 60 min. Second, the neutralization was 

performed with 3 ml of 1.0 M acetic acid. Third, hexane layer evaporation under N2 was 

carried out. Finally, 100 μL of hexane containing the 19:0 internal standard (150 nmol g-1 

soil) was used to redissolve the FAMEs, which was transferred to 250 μL glass inserts in 

2 mL GC vials. The FAMEs were analyzed using an Agilent 6890 N gas chromatograph 
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equipped with a 25 mm × 0.20 mm (5% phenyl) - methylpolysiloxane Agilent HP-5 fused 

silica capillary column (Agilent, Santa Clara, CA) and flame ionization detector (Hewlett 

Packard, Palo Alto, CA) with ultra-high-purity nitrogen as the carrier gas. Peak 

identification and area calculation were performed using the Phospholipid Fatty Acid 

calibration method from MIDI (Microbial ID, Inc., Newark, DE). Selected FAMEs were 

used as microbial markers according to previous research (Zelles, 1999). Bacterial 

markers included gram-positive bacteria (i15:0, a15:0, i17:0, a17:0), gram-negative 

bacteria (cy17:0, cy19:0), and actinobacteria (10Me16:0, 10Me17:0, 10Me18:0); fungal 

markers included saprophytic fungi (18:1ω9c, 18:2ω6c) and arbuscular mycorrhizal fungi 

(AMF) (16:1ω5c); one marker was used for protozoa (20:4ω6c) (Li et al., 2020). The 

bacterial sum was calculated using the gram-positive (G+) bacteria, gram-negative (G-) 

bacteria, and Actinobacteria markers. The fungal sum was calculated using saprophytic 

and AMF fungal markers listed above. The fungal to bacterial ratio was calculated by 

dividing total fungi by total bacteria. Soil microbial community size was estimated as a 

sum of all the biomarker fatty acids associated with bacteria, fungi, and protozoa. 

2.2.5 Topographic data collection and analysis  

 Point elevation data were collected using a real-time kinematic (RTK) GPS 

receiver with an accuracy of 1 cm (Gan-Mor et al., 2007). The elevation data were 

collected during planting on transects spaced ~ 15 m, resulting in one data point every 15 

m. The elevation point data were converted to a digital elevation model (DEM) using the 

Spatial Analyst tool of ArcGIS (Version 10.5.1, ESRI, Redlands, CA) by interpolating 

the point datasets to 4 m raster grids. The slope was then derived from this DEM using 

the Slope routine of the Spatial Analyst tool of ArcGIS.  
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2.2.6 Data Aggregation 

The soil sample locations were used to spatially coincide all the data layers for 

sand content, clay content, silt content, SOC, TN, C:N ratio, elevation, slope, pH, EC, G+ 

bacteria, G- bacteria, actinobacteria, AMF, saprophytic fungi, total bacteria, total fungi, 

protozoa, and total biomass. Except for elevation and slope, all the aforementioned 

variables were measured on the collected soil samples. The means of elevation and slope 

were calculated for each sampling location using the Zonal Statistics as a Table routine in 

the Spatial Analyst extension of ArcGIS. The variability map for each layer was created 

using ordinary kriging of ArcGIS. 

2.2.7 Statistical and geostatistical analyses 

Summary statistics, including minimum, maximum, mean, median, range, 

standard deviation, and coefficient of variation (CV), were determined for the response 

and explanatory variables using the R software (R Core Team, 2017). Pearson correlation 

between soil microbes and other variables was performed using the cor function. Data 

normality for each microbial type was evaluated using the Shapiro Wilk test, and 

heteroskedasticity was assessed using the Breusch Pagan test (Shapiro and Wilk, 1965; 

Breusch and Pagan, 1979). Biomass of soil microbial communities showed the presence 

of non-normality and global trends. Hence, a log-transformation was performed for each 

microbial community, and a first-order trend was removed before the analysis for spatial 

autocorrelation of each microbial community. Anisotropy was evaluated for each 

microbial community using the Geostatistical Analyst tool in ArcGIS. Spatial variability 

was investigated using semivariograms and the ratio of nugget to sill (total semi-

variance) was used to classify spatial dependence. 



Texas Tech University, Jasmine Neupane, August 2021 

21 

 

 A multiple regression model was used to explore the relationship between the 

biomass of soil microbial communities as a function of soil texture, soil electrical 

conductivity, SWC, SOC, TN, soil pH, elevation, and slope. The explanatory variables 

for this model were selected by performing the backward stepwise regression at α = 0.05 

significance level for each microbial community resulting in multiple models. The spatial 

ecological data typically contain spatially autocorrelated model residuals that violate the 

assumption of independence and hence need to be addressed (Davis, 2002; Webster and 

Oliver, 2007). The residual of the model for each microbial community was tested for 

spatial autocorrelation using Moran’s I test, which is a measure of how one object is 

similar to others surrounding it based on the correlation coefficient (Cliff and Ord, 1981).  

If the observations are correlated with each other in the space, it violates a basic 

assumption of statistics – independence of data, making it important to test for 

autocorrelation. The model was adjusted for spatial autocorrelation using the 

simultaneous autoregressive (SAR) models based on the Lagrange multiplier test 

(Anselin, 1988). The SAR model assumes that the response at each location i is a 

function of the explanatory variables and the response variable at the neighboring 

location j. Therefore, this model augments the standard linear regression model with an 

additional spatial weights matrix that incorporates the spatial autocorrelation structure of 

a given dataset (Kissling and Carl, 2008).  

 Results  

2.3.1 Variability in elevation and slope  

The field exhibited large variability in topography, with elevation ranging from 

1005.51 m to 1014.02 m, the lowest around the playa lake in the southeast part (Figure 
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2.2). Two depressions were evident in the northwest part of the field. The slope varied 

from 0 to 4.31%, with higher slopes in the areas leading to the playa lake and depressions 

with rapid elevation changes. The slope appeared to be associated with soil types. For 

instance, the slope was low in Pullman clay loam but high in Mansker loam and Estacado 

loam close to the playa lake or depression areas. In general, there was higher variability 

in elevation and slope in the southern part of the field. 

 

Figure 2.2 Variation of elevation and slope in a 194-ha field in Hale County, Texas 

2.3.2 Variability in soil physical properties 

The clay content of the 0-15 cm depth was generally higher in the northern part 

with a maximum of 38.7%, especially in depression areas with Lofton clay soils (Figure 

2.1, Figure 2.3, and Table 2.1). Sand content was higher in areas with low clay and silt 

contents both in the north and south. However, the CV was higher for silt (23.59%) as 

compared to sand (17.36%) and clay (12.78%), indicating higher variability in silt 

content across the field. Lower SWC in the south part of the field suggests relatively drier 

conditions. 
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Figure 2.3 Soil particle size and soil water content (SWC) at a depth of 0-15 cm for a 

194-ha field in Hale County, Texas, in 2017  
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Table 2.1 Summary statistics of soil microbial biomass (0-15 cm depth), soil 

physicochemical properties, and topography for a 194-ha field in Hale County, Texas, in 

2017. 

Variable Min Max Range Median Mean Stdev CV % 

G+ bacteria 6.29 40.07 33.78 13.75 15.02 5.63 37.47 

G- bacteria 0.77 12.65 11.88 3.53 3.66 2.01 55.02 

Actinobacteri

a 

5.04 28.94 23.90 9.41 10.38 3.93 

37.88 

AMF 0.74 13.43 12.69 3.66 4.08 1.73 42.41 

SF 10.90 89.07 78.18 26.88 30.35 14.10 46.44 

Protozoa 0.00 2.92 2.92 0.88 0.97 0.55 57.29 

Bacteria 13.55 80.35 66.79 26.50 29.05 11.01 37.91 

Fungi 13.22 94.58 81.35 30.79 34.43 14.54 42.21 

Total 

microbes 

28.87 165.57 136.70 58.38 64.51 24.84 

38.51 

Clay 13.20 38.70 25.50 28.05 28.37 3.63 12.78 

Silt 10.50 51.50 41.00 25.90 26.12 6.16 23.59 

Sand 23.80 65.90 42.10 45.05 45.51 7.90 17.36 

SWC 7.00 27.00 20.00 15.00 15.20 3.29 21.63 

SOC 0.41 3.20 2.79 0.87 0.97 0.38 39.65 

TN 0.03 0.14 0.11 0.07 0.07 0.02 25.36 

EC 188 655 467 274 300 84.63 28.21 

pH 7.45 9.04 1.59 8.32 8.27 0.32 3.82 

Elevation 1006.80 1014.00 7.20 1010.50 1010.70 1.43 1.14 

Slope 0.04 3.41 3.37 0.58 0.81 0.70 85.63 

Bacteria is the sum of FAME markers for G+ (gram-positive bacteria), G- (gram-negative bacteria), and 

ACT (Actinobacteria) in nmol g-1; Fungi is the sum of FAME markers for SF (Saprophytic fungi) and 

AMF (arbuscular mycorrhizal fungi) nmol g-1; Elevation (m); EC = Electrical conductivity (µS cm-1); 

Clay, silt, sand, slope, SWC (soil water content), TN (Total Nitrogen), SOC (soil organic carbon) are in 

%. 

 

 

2.3.3 Variability in soil chemical properties  

Higher soil pH values were observed in the south part of the field (Figure 2.4). 

These areas also corresponded to lower EC. This was especially evident in the areas 

leading to the playa lake where the slope was higher. Field observations indicated these 

areas had experienced some water and wind erosion, which exposed some calcareous 

layers with carbonates, leading to higher pH values. In addition, soils in these areas were 

low in water content and organic matter. Soils with high organic matter are associated 

with lower soil pH due to the release of hydrogen ions from organic matter or by 

nitrification in an open system (Ritchie and Dolling, 1985). Soil organic carbon was 
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lower in the south part of the field in areas leading to the playa lake, which might be the 

cause for the lower C:N ratio in these areas. However, TN ranged from 0.056% to 

0.098%, with a mean of 0.067%, and was higher in the north part of the field. This might 

explain the overall lower C:N ratios in most of the north part.  

 

Figure 2.4 Soil chemical properties at 0-15 cm depth for a 194-ha field in Hale County, 

Texas, in 2017. 

2.3.4 Variability in biomass of soil microbial communities  

Total microbial biomass (estimated by FAME) ranged from 40 nmol g-1 to 93.57 

nmol g-1 with a mean of 64.51 nmol g-1 (Table 2.1). The soil microbial biomass was 

greater in the north part of the field compared to the south (Figure 2.5). Most of the 

microbial communities showed similar spatial distribution patterns for biomass except for 

protozoa, which had lower biomass towards the center and higher concentrations towards 

the edge of the field. Fungal communities contributed the greatest to the total FAME 

biomass with a mean of 34.43 nmol g-1 and median of 30.79 nmol g-1. Among fungal 
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communities, saprophytic fungi were most abundant, with mean biomass of 30.35 

nmol g-1. AMF biomass ranged from 2.57 to 6.62 nmol g-1 with a mean of 4.08 nmol g-1. 

Among bacterial groups, G+ bacteria contributed the highest to the total microbial 

biomass with a mean of 15.02 nmol g-1. The actinobacteria had mean biomass of 10.38 

nmol g-1. The biomass of total bacterial (G+ > actinobacteria > G-) ranged from 13.55 to 

80.35 nmol g-1 with a mean of 29.05 nmol g-1. Overall, the fungal biomass was greater 

than that of bacteria, as reflected in the fungi:bacteria ratio ranging from 0.98 to 1.37. 

Protozoa exhibited the highest variation (CV=57.29%), and G+ bacteria had the lowest 

variation (CV=37.47%) in biomass. Both AMF and Saprophytic fungi had relatively high 

variations in biomass, with CV values of 42.41% and 46.44%, respectively. 

 

Figure 2.5 Variability of soil microbial biomass at 0-15 cm depth for a 194-ha field in 

Hale County, Texas, in 2017. 
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2.3.5 Relationship between soil microbial properties, soil physicochemical properties, 

and topography 

 Total microbial biomass had a significant positive correlation (p<0.001) with silt 

content, EC, SWC, and TN and a significant negative correlation with elevation (Table 

2.2). Total bacteria were positively correlated with silt content, EC, SWC, and TN of soil, 

but negatively correlated to sand content, elevation, and pH. Both G+ and G- bacterial 

biomass was negatively correlated with sand content, elevation, and pH but positively 

correlated with silt content, EC, SWC, and TN. The biomass of actinobacteria was 

negatively correlated with sand content and elevation and positively correlated with silt 

content, EC, SWC, and TN. The fungal biomass was significantly positively correlated 

with SWC and TN but negatively correlated with elevation. AMF biomass was positively 

correlated with slope, SOC, and C:N ratio. Biomass of saprophytic fungi was positively 

correlated to SWC and TN but negatively correlated to elevation. Protozoa biomass was 

not significantly correlated with any variables under study.  

Table 2.2 Correlation between soil microbial biomass, soil physicochemical properties 

(0-15 cm depth), and topography for a 194-ha field in Hale County, Texas, in 2017. 

Variable G+ G- ACT AMF SF Bacteria Fungi 
Total 

FAMEs 

Silt  0.23   0.25   0.25     0.25    0.23   

Sand -0.21   -0.21   -0.22     -0.22     

EC 0.22   0.34   0.22     0.25    0.21   

Ele -0.27   -0.32   -0.25    -0.25   -0.29   -0.26   -0.28   

Slope    0.33       

SWC 0.38   0.38   0.35    0.24   0.39   0.24   0.31   

pH -0.24   -0.27      -0.23     

TN  0.37   0.36   0.32    0.28   0.37   0.28   0.33   

SOC    0.42       

C:N    0.37       

All values are significant at p<0.001; C:N = Ratio of SOC and TN; F:B = ratio of fungi and bacteria; 

Bacteria is the sum of FAME markers for G+ (gram-positive bacteria), G- (gram-negative bacteria) and 

ACT (Actinobacteria); Fungi is the sum of FAME markers for SF (Saprophytic fungi) and AMF 

(arbuscular mycorrhizal fungi); Ele = Elevation (m), EC = Electrical conductivity (µS cm-1). 
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2.3.6 Spatial variability of soil microbial groups  

All of the soil microbial communities except protozoa exhibited spatially 

autocorrelated variation in their biomass. A spherical semivariogram model was fit for 

the rest of the microbial communities (Table 2.3). The nugget:sill ratio for most of the 

microbial communities was between 0.25 and 0.75, indicating moderate spatial 

dependency (Cambardella et al., 1994). Except for G- bacteria, all of the microbial 

communities showed an anisotropic variation in their biomass with the major range along 

the northeast-southwest direction (around 50 degrees). The orientation of the minor range 

was approximately perpendicular to this direction. This anisotropic pattern was consistent 

with the distribution of soil types, i.e., greater variability in soil type and properties in the 

northwest-southeast direction. The anisotropic ratio, the ratio of the major range to the 

minor range, was highest for gram-positive bacteria, followed by saprophytic fungi. The 

total microbial biomass was distributed spatially with an anisotropic ratio of 2.66. The 

range of semivariogram represents the distance of spatial influence or the maximum 

distance up to which the property of the variable is spatially autocorrelated (Gooaverts, 

1997). The major range was 743 m and the minor range was 279 m for total microbes. 

This result is consistent with the results from a study conducted across an agricultural 

landscape in France (Constancias et al., 2015), which showed that the spatial variation of 

soil microbes ranged up to hundreds of meters at the landscape scale.  
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Table 2.3 Semivariogram models for soil microbial biomass at a depth of 0-15 cm for a 

194-ha field in Hale County, Texas, in 2017 (Lag size = 70, number of lags = 12). 

Variable 
Model Nugget Sill 

Nugget 

:Sill 
Major range (m) 

Minor 

range (m) 

Anisotropy 

direction (°) 

Anisotropy 

ratio 

Total FAMEs  Spherical 0.08 0.12 0.67 743 279 51 2.66 

G+ Spherical 0.07 0.11 0.64 748 250 48 2.99 

G− Spherical 0.21 0.29 0.72 840 510 144 1.65 

Act Spherical 0.07 0.11 0.63 601 383 58 1.56 

Bacteria Spherical 0.07 0.11 0.63 694 269 50 2.57 

AMF Spherical 0.10 0.14 0.71 840 430 50 1.95 

SF Spherical 0.12 0.17 0.70 689 231 57 2.98 

Fungi Spherical 0.11 0.15 0.73 840 305 49 2.75 

Bacteria is the sum of FAME markers for G+ (gram-positive bacteria), G− (gram-negative bacteria), and 

Act (Actinobacteria); Fungi is the sum of FAME markers for SF (Saprophytic fungi) and AMF (arbuscular 

mycorrhizal fungi), Anisotropy ratio is the ratio of major to the minor range at the direction of anisotropy. 

 

2.3.7 Soil microbial community as affected by topography and soil properties  

Topography and soil physicochemical properties influenced the distribution of 

soil microbial communities and their biomass (Table 2.4). The results from multiple 

regression analysis for each microbial community indicate that SWC, clay content, and 

SOC were the most important factors influencing the variability of total microbial 

biomass (Table 2.3). Besides these factors, the distribution of total bacterial biomass was 

also influenced by soil pH. The negative coefficients for soil pH indicate that areas with 

high pH had a lower distribution of bacterial communities. The C:N ratio also had a 

significant negative influence on the biomass distribution of G+ and Actinobacteria. Soil 

EC had no significant effect on soil microbial biomass distribution. Specifically, clay 

content, SWC, pH, C:N ratio, and SOC influenced the distribution of biomass of G+ 

bacteria. However, elevation had a significant effect only on the distribution of biomass 

of G− bacteria among bacterial communities. In the case of fungal communities, SWC, 

elevation, and slope were the important factors influencing the total fungal biomass 

distribution. The variation in AMF biomass was mainly influenced by SOC and slope. 

The biomass of saprophytic fungi was primarily influenced by topographic attributes, 
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including elevation and slope. The protozoa biomass was mainly affected by the 

distribution of SWC across the field. Overall, SOC and SWC had a significant positive 

effect on the biomass of most of the microbial communities. Contrarily, pH, elevation, 

slope, and clay content had a significant negative effect on the biomass of most of the 

microbial communities.  

Table 2.4 Summary of multiple regression analysis for soil properties and topography 

predicting soil microbial biomass for a 194-ha field in Hale County, Texas, in 2017. 

Variable Coefficient p-value Variable Coefficient p-value 

Total FAMEs   Actinobacteria   

Clay -1.11 0.03 Clay -0.18 0.02 

SOC 18.21 0.03 SOC 3.58 <0.01 

SWC 1.88 <0.01 SWC 0.40 <0.01 

Total bacteria    C:N ratio -0.15 0.02 

Clay -0.58 <0.01 Total fungi    

SOC 10.59 <0.01 SWC 0.78 0.03 

pH -4.88 0.03 Elevation -2.18 <0.01 

SWC 1.16 <0.01 Slope -3.18 0.05 

C:N ratio -0.47 <0.01 AMF   

G+ bacteria    Clay -0.01 0.05 

Clay -0.27 0.01 SOC 0.30 <0.01 

SOC  5.28 <0.01 Slope -0.11 <0.01 

pH -2.66 0.02 Saprophytic fungi    

SWC  0.55 <0.01 Elevation -2.31 <0.01 

C:N ratio -0.26 <0.01 Slope -3.19   0.02 

G- bacteria   Protozoa   

Clay -0.11 <0.01 SWC 0.03   0.02 

SOC  0.85 0.01    

pH  -1.08  0.01    

SWC  0.19 <0.01    

Elevation -0.26 <0.01    

Bacteria is the sum of FAME markers for G+ (gram-positive bacteria), G− (gram-negative bacteria), and 

Act (Actinobacteria); Fungi is the sum of FAME markers for SF (Saprophytic fungi) and AMF (arbuscular 

mycorrhizal fungi) C:N = Ratio of SOC and TN, F:B = ratio of fungi and bacteria, EC = Electrical 

conductivity. 

 

The regression model for biomass of each soil microbial community as a function 

of soil and topographical properties showed no presence of spatial autocorrelation except 

for the AMF case. A Gaussian model was found as the best fitting model for AMF. The 

nugget:sill ratio for this model was greater than 0.55, indicating moderate spatial 
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dependency. The range of autocorrelation was 662 m. The LM test indicated that the 

spatial lag model fitted the data better for AMF.  

 Discussion 

2.4.1 Soil microbial distribution and influencing factors  

The effects of environmental factors on soil microbes varied with the microbial 

type. While all the microbial variables were related to soil properties and topography, 

protozoa were only significantly correlated to SWC content. Tajik et al. (2020) also 

found that protozoa behaved differently than other microbial groups, possibly due to the 

grazing behavior and unicellular nature of protozoa. Soil particle size had a significant 

effect on the distribution of bacterial groups. Clay content had a significant negative 

effect on the biomass of G+ bacteria, G- bacteria, Actinobacteria, and total bacteria. 

Contrarily, most studies have shown that clay particles have a beneficial impact on the 

soil microbial community. Soil microorganisms are primarily attached to soil particles 

with small pore sizes and more water holding capacity could protect from predators and 

suitable growth environment (Bach et al., 2010; Tajik et al., 2020). The association of a 

low microbial community with high clay content in this study might be due to some 

management-induced environments in some areas of the field.  

Although topography was correlated to all microbes, elevation, and slope had no 

significant influence on total FAME distribution. Specific microbial groups such as G- 

bacteria, total fungi, AMF, and saprophytic fungi were negatively influenced by elevation 

and/or slope. This could be due to erosion and deposition of finer particles from higher 

areas to the low-lying areas that could foster favorable conditions for microbial growth 

(Constancias et al., 2015; Naveed et al., 2016). The effect of topography, including slope 



Texas Tech University, Jasmine Neupane, August 2021 

32 

 

and elevation, on soil microbial distribution might be through its impact on the 

distribution of soil properties, especially SWC and SOC, which influence total FAMEs.  

The SWC and SOC are sources of nutrition and cell structure maintenance for 

microbes and control their activity and growth (Sorensen et al., 2013; Yan et al., 2015). 

Interestingly, SWC had no significant effect on the distribution of saprophytic fungi and 

AMF, possibly due to their high tolerance to water-limited conditions because of the 

stronger cell walls as compared to other microbial groups (Schimel et al., 2007). Higher 

C:N ratios tend to indicate low organic matter decomposability (Dequiedt et al., 2011) 

and hence had a negative relationship with the microbial variables, especially bacteria. 

TN, which is essential for microbial survival, was significantly and positively correlated 

with most of the microbial variables. However, TN was not included in the regression 

model during stepwise selection, probably because SOC is a keystone driver of 

microorganisms compared to TN (Table A.1).  

Generally, pH is regarded as one of the main predictors of variation in soil 

microbial communities and biomass (Constancias et al., 2015; Cao et al., 2016). In this 

study, however, only soil bacterial communities were significantly and negatively 

correlated to soil pH. This is consistent with previous studies that suggested that soil pH 

could either impose a physiological constraint on bacteria or influence microbial growth 

conditions, such as salinity and nutrient availability, which affect bacterial distribution 

(Lauber et al., 2009; Rousk et al., 2010; Cao et al., 2016). Contrarily, fungal communities 

were found to survive in a wide range of soil pH, which might be due to the multicellular 

nature of most of the fungal communities as compared to unicellular bacterial 

communities (Lauber et al., 2009; Tajik et al., 2020).  
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2.4.2 Implications for site-specific management and research 

Knowledge about the spatial variability of soil microbes and influencing factors 

can help researchers to design strategies for site-specific soil management. The results in 

the spatial variability of soil microbes, including the magnitude and potential causes, 

have implications for relevant research and site-specific soil management at the field 

scale. While SWC and SOC were two important factors influencing soil microbial 

biomass distribution, in general, areas with high slopes, high pH, low SOC, low TN, low 

EC, and low SWC showed a lower abundance of soil microbes. This implies that 

management activities, such as irrigation, fertilization, and manure application, could be 

managed site-specifically to improve the microbial communities, especially in sloped 

areas. Studies showed that adding organic amendments such as manure resulted in 

increased microbial biomass (soil bacteria and fungi) and higher microbial activity (Watts 

et al., 2010; Graham et al., 2012). This can ultimately contribute to promoting 

agricultural practices to maximize the benefits from soil microbes and at the same time 

preserve our financial and environmental resources (Lehman et al., 2015; Cano et al., 

2018; Le Guillou et al., 2019). Further, saprophytic fungi and AMF have been found to 

improve soil aggregate formation to protect against erosion, increase water and nutrient 

uptake by plant roots attributed to hyphal extension, especially in this semi-arid region 

(Davinic et al., 2013). Therefore, field management practices, such as cover cropping and 

mulching, could be implemented to improve fungal biomass where needed in the field. 

The F:B ratio is a good indicator of shifts in the microbial community in extreme weather 

conditions such as drought (Wardle and Parkinson, 1990) and tillage (Frey et al., 1999). 

This information can be used in implementing several soil and crop management 
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strategies, such as crop selection, fertilizer application, and irrigation (Acosta-Martínez et 

al., 2014).  

This study showed an anisotropic spatial variation of microbes across the field, 

and the spatial patterns were mainly corresponding to the distribution of soil types. Most 

of the microbial communities showed less spatial variability of biomass within the soil 

type but exhibited greater spatial variability across different soil types. Studies have 

shown that spatial descriptors vary with ecological context and spatial extent (Dequiedt et 

al., 2011; Constancias et al., 2015; Naveed et al., 2016). Therefore, the spatial variability 

of microbial communities and biomass provides valuable information for designing soil 

sampling plans in fields with diverse soil types and topographic properties. For example, 

in areas with similar soil types and topographic properties, fewer samples at greater 

distances could be collected to understand the spatial variability of certain 

microorganisms. However, in areas with varying soil types, sampling should be 

performed at shorter distances since the range of spatial autocorrelation is lower. Further, 

the information of spatial variability of soil microbes can help create management zones 

or experimental plots across the field and evaluate the effects of various treatments 

(Cassel et al., 2000; Peigné et al., 2009). This ability to differentiate the effects due to the 

initial spatial variability of the field from those related to soil management techniques can 

ultimately provide a base for long-term site-specific management of crop inputs. 

2.4.3 Limitations and future research 

Our study unveils several important factors related to soil microbiology and 

underlying soil properties. We adopted a grid-based sampling scheme that is commonly 

used in precision agriculture (Yfantis et al., 1987; Van Groenigen et al., 1999; 
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Zimmerman, 2006). However, the sampling distance and sampling depth are limited due 

to the cost and time constraints of soil sampling and microbial analyses. Sampling 

distance and depth could influence the output of the spatial analysis of soil microbial 

properties (McBratney and Webster, 1983; Warrick and Myers, 1987; Cavigelli et al., 

2005; Bhattarai et al., 2015; Turner et al., 2017). Studies have also shown that about 65% 

of soil microbial density is present at the top 25 cm layer of soil and had high spatial 

variability (Nunan et al., 2002; Fierer et al., 2003). Although most soil microbial studies 

use 0-20 cm depth as representative for soil microbial activities (Constancias et al., 2015; 

Piotrowska-Długosz et al., 2019), we sampled at 0-15 cm to create uniformity among 

other soil properties analyzed in this study. 

The main focus of this study lies in the understanding of various factors 

influencing soil microbes and how this information can be applied in precision soil 

management. Hence, given the scenario where we have limited prior information about 

soil microbial characteristics in this 194-ha field and limited studies conducted to 

understand the spatial variability of soil microbes at this scale, sampling at a distance of 

70-100 m and depth 0-15 cm depth is appropriate for these two purposes. However, 

additional sampling schemes at shorter distances (e.g., nested with the current regular 

grids) and varied sampling depths would provide information on the spatial structure at 

finer scales, which will be warranted in the future. Temporal analyses of soil microbial 

distribution could also help in implementing site-specific as well as time-specific 

management decisions since seasonal variation has a huge influence on soil microbes 

(Cavigelli et al., 2005; Piotrowska and Długosz, 2012). Future research in multiple years 
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is necessary to provide a more comprehensive characterization of the spatial and temporal 

variability of soil microbial properties for site-specific management of soil health.  

 Conclusions 

In this study, we evaluated the effects of soil physicochemical properties and 

topography on the spatial variability of soil microbial communities at the field scale. 

Given the scale of soil sampling distance and depth, soil texture, SOC, and SWC were the 

main factors influencing the spatial variability of total soil microbial biomass. The effect 

of topography on soil microbial biomass is likely through its impact on the distribution of 

soil properties, especially SWC and SOC. The fungal communities were significantly 

influenced by topographical properties such as elevation and slope, and soil texture had a 

significant influence on bacterial communities. The information on soil microbes as 

affected by soil physicochemical properties and topography could be used to develop 

strategies for site-specific management to enhance soil health. For example, microbial 

communities in areas with high slopes and high sand content could be enhanced by 

applying more crop residue as organic material for SOC development. Soil microbial 

communities showed anisotropic distribution with nugget to sill ratios between 0.25 and 

0.75, indicating moderate spatial dependency. The spatial variability across the same soil 

type was less dependent than across the area with multiple soil types. The spatial analysis 

of soil microbial properties could be utilized to assist in designing soil sampling 

strategies for microbial analysis. Overall, the results of spatial patterns of soil microbes 

and associated influencing soil properties from this study extend our understanding of 

site-specific soil health management research and application, especially in semi-arid 
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crop production systems. Further studies are required to evaluate the sampling scales in 

multiple years and multiple fields for site-specific soil microbial management.  
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CHAPTER III 

3 SPATIO-TEMPORAL VARIABILITY OF VEGETATION INDICES IN 

RELATION TO SOIL PROPERTIES, TOPOGRAPHY, AND COTTON YIELD 

 

Abstract 

Understanding the spatio-temporal patterns of vegetation indices (VIs) and 

influencing factors is a prerequisite for site-specific management of fields to improve 

crop production. Given series of studies focusing on the use of VIs in agriculture, there 

are limited studies on the variability of spatio-temporal patterns of VIs and factors 

influencing this pattern at the field scale. The objectives of this study were to:  a) evaluate 

the pattern of spatial and temporal variation of vegetation indices at the within-field scale, 

b) determine the influence of soil properties and topography on the variability of NDVI 

and EVI, and c) assess the application of NDVI and EVI in predicting cotton (Gossypium 

hirsutum L.) yield at the commercial field scale in the Southern High Plains. This study 

was conducted in a 50-ha commercially managed field in Lamb County, Texas, from 

2000 to 2003. The field was divided into 30 m* 30m grid. Information for apparent soil 

electrical conductivity (ECa), soil type, elevation, and slope were collected for each grid. 

A total of 24 (6 per season) images (Landsat 5) were downloaded for the study area to 

obtain the Normalized Difference Vegetation Index (NDVI), and Enhanced Vegetation 

Index (EVI) for each grid. The spatio-temporal pattern of VIs corresponded to the crop 

growth stages and soil and topography of the field. Areas with high slope and sandy soil 

type showed lower VI values. Elevation and ECa significantly influenced the variation of 

VIs across the growing season in all the years under study. Geostatistical analysis 

revealed that the spatially structured distribution of yield and VIs differed across years 

depending on the ground cover and average yield. EVI performed better than NDVI in 
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predicting yield; however, NDVI performed slightly better than EVI in 2003 with the 

highest average yield. The information from this study can help in the precision 

management of agriculture inputs by integrating the information of the spatial and 

temporal distribution of VIs in yield prediction and developing management strategies.  
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 Introduction  

 Understanding the spatial and temporal trends of crop yield can help farmers in 

the prediction of future yield patterns and adjust their input strategies accordingly (Liu et 

al., 2021). At the global scale, crop yield prediction can contribute towards poverty 

alleviation and climate change mitigation, especially when the population increase is 

projected to be 35% by 2050 (Godfray et al., 2010). The multi-temporal pattern of yield 

has been previously used to derive yield zones in the crop production systems using the 

information for yield from yield monitors equipped with the Global Navigation Satellite 

System (GNSS). However, the challenges still lie ahead in the interpretation of yield data 

that could be relatively unstable given the weather condition and management (Blasch et 

al., 2020).  

 The decision making based on yield data analysis is especially challenging in the 

situation where yield across a field varies at both the spatial and temporal scale 

depending on both the stable (soil texture and topography) and unstable properties of the 

field (climate, crop water use, soil water content, etc.) (Basso et al., 2012). In this 

context, the use of satellite images is highly suitable for the evaluation of spatio-temporal 

variability in crop growth and change detection based on time-series analysis (Blasch et 

al., 2015a; b). Depending on the satellite type, most remotely sensed images are open-

source, provide spatial continuity at various extent, and are much more detailed, thus, 

providing the opportunity for gathering spectral crop information for precision agriculture 

applications (Georgi et al., 2018). Generally, Moderate-resolution Imaging Spectrometer 

(MODIS) and Advanced Very High Resolution Radiometer (AVHRR) have been used to 

determine the correlation between yield and vegetation indices (Johnson et al., 2016; 
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Meng et al., 2017). Landsat series of satellites that have been collecting global data at 

higher resolution since 1972, thus, providing more than 40 years of historical archives of 

freely available multispectral data (Wulder et al., 2012). This dataset can be utilized to 

conduct annual and interannual time-series analyses of the crop phenology status based 

on the reflectance from the cropping surface over a number of growing seasons. As the 

reflectance of crop canopies and the bare soil background changes throughout the 

cropping season based on crop growth stages and soil water status, indicators of soil and 

crop status can be derived from moderate pixel resolution Landsat data.  

 Precision agriculture aims to optimize crop management by taking into 

consideration the spatial variability of field, and remote sensing-based vegetation indices 

can serve as a proxy to identify such variabilities in the field at the spatio-temporal scale 

(Basnyat et al., 2005; Xue and Su, 2017). Among different VIs, the Normalized 

difference vegetation index (NDVI) has been most widely used in the world that has been 

shown to be effective in estimating several crop characteristics such as biomass, leaf area 

index, crop water content, etc. (Haghverdi et al., 2018). Enhanced vegetation index (EVI) 

has also been used widely in yield prediction and found to be helpful in minimizing soil 

background and atmosphere influences in reflectance data as it also uses the blue band in 

addition to red and near-infrared bands (Kouadio et al., 2014). EVI has been found to be 

an important index in detecting growth changes and predicting yield that could be more 

appropriate for the construction of time series vegetation indices curve as compared to 

NDVI (Meng et al., 2017).  These VIs are able to detect such properties by taking 

advantage of the consistent difference in interactions (i.e., absorption, emittance, 

transmission, and reflectance) with crop canopies between red and near-infrared radiation 
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(Clevers, 2014). However, the strength of correlation between vegetation indices, crop 

phenology, and yield depends upon the type of crop and the growth stages. Moreover, the 

reflectance spectra of vegetation canopy is affected by plant chemical composition and 

canopy orientation (Iqbal et al., 2013). Factors such as chlorophyll content, carotenoid 

content, moisture, leaf structure, the density of flowers, stems, shadows against soil 

background, etc. are important in the interaction of electromagnetic radiation with crops 

and soil, especially at NIR and R region (Baret and Guyot, 1991; Clevers, 2014). The 

values of NDVI range from -1 to +1 (values of 0.6 to 1 indicate dense vegetation mostly 

during the peak crop growth stages) and EVI ranges from -1 to +1 (Ali et al., 2019). 

There are several studies on predicting yield using remotely sensed vegetation 

indices such as NDVI and EVI. However, limited studies have been conducted to 

determine how soil properties and topography influence the spatial and temporal 

variability of such indices at the field scale (Deng et al., 2007; Sharma, 2010). Moreover, 

as the importance of understanding spatio-temporal variability of vegetation indices in 

precision agriculture is gaining momentum (Tanriverdi, 2006; Sishodia et al., 2020), it is 

crucial to integrate this knowledge into the variability of inherent field properties for 

developing better management decisions. Hence, we hypothesize that NDVI and EVI 

show both spatial and temporal variability at the field scale, and soil properties and 

topography have a significant influence on this variability. The specific objectives were 

to: a) evaluate the pattern of spatial and temporal variation of vegetation indices at the 

within-field scale, b) determine the influence of soil properties and topography on the 

variability of NDVI and EVI, and c) assess the application of NDVI and EVI in 

predicting cotton yield at the commercial field scale in the Southern High Plains.  
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 Materials and Methods 

3.2.1 Study site 

This study was conducted in a commercially managed cotton (Gossypium 

hirsutum L.) field near Olton, Lamb County, Texas, from 2000 to 2003 (Figure 3.1). In 

2002, the cotton yield data was obtained from only the west half of the field. Commercial 

varieties of cotton were planted in the field over the four years. Cotton was deficit 

irrigated using center pivot irrigation systems, and the amount of irrigation varied over 

the years depending on the precipitation received throughout the growing season. All the 

crop inputs and management have been done uniformly across the field during the study 

period. Conservation tillage was practiced in these fields. The surface soil texture of the 

fields ranged from sand to sandy loam, which is representative of the soils in this region 

(USDA-NRCS, 2008).  
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Figure 3.1 Study site with soil map units for a 50-ha field in Lamb County, Texas. 

(Basemap source: Esri, DigitalGlobe, GeoEye, i-cubed, USDA FSA, USGS, AEX, Getmapping, Aerogrid, 

IGN, IGP, swisstopo, and the GIS User Community) [AfA: Amarillo fine sandy loam, 0 - 1% slopes (Fine-

loamy, mixed, superactive, thermic Aridic Paleustalfs); AmB: Amarillo loamy fine sand, 0 - 3% slopes 

(Fine-loamy, mixed, superactive, thermic Aridic Paleustalfs); As: Arch loamy fine sand, 1-2% slopes (Fine-

loamy, carbonatic, thermic Aridic Calciustepts); Br: Brownfield fine sand, 0 - 3% slopes (Loamy, mixed, 

superactive, thermic Arenic Aridic Paleustalfs); DrB: Drake soils, 1-3% slopes (Fine-loamy, mixed, 

superactive, thermic Aridic Calciustepts); DrC: Drake soils, 3-5% slopes (Fine-loamy, mixed, superactive, 

thermic Aridic Calciustepts); Rf: Randall fine sandy loam, 0-1% slopes (Very-fine, smectitic, thermic Ustic 

Epiaquerts); Sh: Springer loamy fine sand, 3-8% slopes, (Coarse-loamy, mixed, superactive, thermic Typic 

Paleustalfs) (Soil Survey Staff, 1974)]. 

3.2.2 Data collection and preparation 

3.2.2.1 Soil  

Apparent soil electrical conductivity data were obtained using a Veris EC 

Mapping System (Model 3100, Veris Technologies, Salina, KS) equipped with a DGPS 

in February 2001. This system consists of a Wenner array and records ECa in mS m−1 by 

electrical resistivity at a shallow depth (0–30 cm, ECa_sh) and a deep depth (0–90 cm, 

ECa_dp) simultaneously. Data points were collected about every 4 m on circular transects 
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spaced ~15 m. The data points were interpolated to create a raster for both ECa using the 

inverse distance weighted method in ArcGIS 10.7 (ESRI, Redlands, CA).  

3.2.2.2 Topography 

Digital elevation data (DEM) was obtained using a Trimble AgGPS 214 real-time 

kinematic (RTK) GPS receiver (Trimble Navigation Limited, Sunnyvale, CA), which had 

an accuracy of 2.5 cm in horizontal directions and 5.0 cm in vertical directions. 

Measurements were taken approximately every 15 m on transects spaced ~15 m. Digital 

elevation model (DEM) was then created by interpolating elevation points using Inverse 

distance weighted (IDW) in ArcGIS 10.7 (ESRI, Redlands, CA). The slope for the fields 

was calculated from this DEM using the Spatial Analyst tool in ArcGIS 10.7 (ESRI, 

Redlands, CA).  

3.2.2.3 Yield data 

Seed cotton yield was collected using an 8-row stripper equipped with an 

Agriplan AG700 optical yield monitor (Advanced Sensing and Controls Inc., 43 Broad 

Street, Hudson, MA 01749, USA) and a differential global positioning system (DGPS) 

with sub-meter accuracy. Seed cotton yield data were converted to lint yield after 

ginning. The proportion of lint to seed cotton was typically around 30 %. Measurements 

were taken about every 2 m on transects spaced 8 m (swath width of cotton stripper). 

Yield data were subjected to post-harvest screening because yield monitor data normally 

contains errors that prevent appropriate interpretation (Simbahan et al., 2004). Yield data 

errors due to extreme flow, sensor offset, field entry, overlapping, and low and high 

speed were removed. The polygon yield data was then converted to point yield data and 

interpolated to a 4 m grid using ArcGIS 10.7 (Esri, Redlands, CA).  
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3.2.2.4 Multi-temporal Landsat dataset 

 In-season cloud-free satellite images of Landsat 5 for the study period (2000 to 

2003) were downloaded from the archives of the USGS Earth Explorer website 

(https://earthexplorer.usgs.gov/). The images from Landsat Collection 2 are reprocessed 

for improvements in geometric accuracy, digital elevation modeling, radiometric 

calibration, updated and consistent metadata files, and cloud-optimized file format 

(USGS, 2021). This led to improved interoperability of the Landsat archive over time. 

The downloaded images were clipped for the study area with a standard 30 m × 30 m grid 

corresponding to the pixel of Landsat images. The derived spectral vegetation indices 

such as Simple Ratio (SR) (Rouse et al., 1973), NDVI (Rouse et al., 1973), Enhanced 

vegetation indices (EVI) (Huete et al., 2002), etc. are related to the plant status and 

productivity and are widely used in crop yield estimation (Johnson et al., 2016; 

Haghverdi et al., 2018; Kern et al., 2018). These vegetation indices have been developed 

from the portions of the electromagnetic spectrum detected by particular sensors on 

varied platforms and are calculated as:  

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅 

𝑁𝐼𝑅 + 𝑅  
                                                                                            (1) 

𝐸𝑉𝐼 =
2.5 ∗ (𝑁𝐼𝑅 − 𝑅)

𝑁𝐼𝑅 + 6 ∗ 𝑅 − 7.5 ∗ 𝐵 + 1
                                                                 (2) 

Where NIR is near-infrared reflectance (e.g., Landsat 4-5 Thematic Mapper (TM) 

and Landsat 7 Band 4 at 0.76-0.90 µm), R is red reflectance (e.g., Landsat 4-5 Thematic 

Mapper (TM) and Landsat 7 Band 3 at 0.63-0.69 µm) and B is blue reflectance (Landsat 

5 Thematic Mapper (TM) and Landsat 7 Band 3 at 0.45-0.52 µm). In our study, the 

NDVI and EVI for each grid were then calculated using equations 1 and 2.  

https://earthexplorer.usgs.gov/
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3.2.2.5 Weather data 

Seasonal monthly rainfall was recorded for the study sites. The highest rainfall 

was recorded in June 2003 (Figure 3.2). Total in-season rainfall (April to September) was 

highest for 2003 and lowest for 2000. 

 

Figure 3.2 Total seasonal rainfall (mm) from 2000 -2003 at the study site 

3.2.3 Data Integration 

The point or polygon data for soil properties, topography, and yield were overlaid and 

integrated using ArcGIS Version 10.7.1. The data for NDVI and EVI were also integrated 

such that each grid had the information for soil type, slope, elevation, ECa, NDVI, EVI, 

and yield.  

3.2.4 Statistical and geostatistical analysis 

Summary statistics for all the variables under study were calculated using R  (R 

Core Team, 2017). Correlation between vegetation indices (VI) at different dates and 

final yield for each year was calculated using R. For the date with the highest correlation 

between VI and yield was selected for regression analysis. The performance of VIs in 

0

20

40

60

80

100

120

140

160

180

200

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

R
ai

n
fa

ll
 (

m
m

)

Month

2000

2001

2002

2003



Texas Tech University, Jasmine Neupane, August 2021 

54 

 

predicting yield for a given year was compared using the coefficient of determination 

(R2), root mean square error (RMSE) and mean absolute error (MAE) values for different 

prediction models. The R2 represents the squared correlation between the observed values 

of yield and predicted values by the model. An R2 value closer to 1 indicate a better 

model. RMSE measures the average prediction error made by the model in predicting the 

yield for a given date and hence, the lower the RMSE, the better the model. MAE is an 

alternative to RMSE, which is less sensitive to outliers and corresponds to the average 

absolute difference between observed and predicted yield for a given year. The model 

with a lower value for MAE is considered a better model. The regression model was built 

to make predictions using the validation set approach. In this approach, 70% of the data is 

used as training data to create the prediction model and 30% of the data or the test data 

for validation. Finally, the prediction errors were computed based on the difference 

between observed and predicted values. Spatial analysis was done using the ‘gstat’ 

package in R. Semivariogram analysis for yield, NDVI, EVI was conducted to 

understand spatial variability of these properties. The coefficient of variation (CV) of 

each VI was calculated from the start of the season to the date with the highest correlation 

with the yield to determine the temporal variability of VIs. The regression model for the 

CV  of each VI as a function of soil and topographic properties was created so as to 

determine whether the temporal variability of VIs was influenced by the spatial 

variability of inherent field properties.  
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 Results 

3.3.1 Variability in elevation and slope  

The field showed substantial spatial variability in elevation and slope (Figure 3.3). 

The mean elevation and slope in the field was 1084 m and 1.21%, respectively (Table 

A.2). The elevation ranged from 1080.9 m to 1085.6 m, with high elevation areas on the 

east side of the field. The slope ranged from 0 to 8.4% in the field, with the highest slope 

found in the middle west part of the field with high variation in elevation. Areas with 

high slopes corresponded with Arch loamy fine sand and Drake soil series. Arch loamy 

soils are carbonatic, thermic Aridic Calciusteps, i.e., containing a high amount of 

disseminated calcium carbonate. This is also evident in the satellite map view of the field 

where the white strips for calcium carbonate deposition.  

 

Figure 3.3 Variation of elevation and slope in a 50-ha field in Lamb County, TX 

3.3.2 Variability in apparent soil electrical conductivity (ECa) 

The field showed spatial variability in ECa at the depths of 0-30 cm and 30 -90 cm 

(Figure 3.4). The mean ECa_sh and ECa_dp in the field were 13.62 mS m-1 and 22.74 mS m-

1, respectively (Table A.2). The ECa_sh ranged from 4.8 mS m-1 to 43.7 mS m-1 and ECa_dp 

ranged from 5.4 mS m-1 to 55.4 mS m-1. High ECa was found in areas of the field with 
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low elevation. Since ECa is also a function of soil moisture and other factors, this might 

be the reason for high ECa in low-lying areas of the field where water accumulation tends 

to be higher. Moreover, the lower ECa on the northeast part of the field could be due to 

the sandy texture of the Brownfield soil series since sandy soil tends to have lower water 

holding capacity compared to soils with higher clay and silt content (Figure 3.1).  

 

Figure 3.4 Apparent ECa at two depths for a 50-ha field in Lamb County, TX. 

 

3.3.3 Variability in yield 

The yield in the field ranged from 211 kg ha-1 to 1485 kg ha-1 across multiple 

years (Figure 3.5). The average yield was lowest in 2000 (730 kg ha-1) (Table A.2). This 

could be due to a drought in 2000 that lasted for three and a half months during the 

growing season. The highest yield was observed in 2003 (1149.6 kg ha-1), followed by 

the yield in 2001 (973.0 kg ha-1). This might be due to higher in-season rainfall in 2001 

and 2003. In 2002, yield data was collected from only half of the field. In all the years, 

yield showed variability across the field, and the areas with high slope and sandy soil 

type consistently yielded lower compared to the other areas of the field.  



Texas Tech University, Jasmine Neupane, August 2021 

57 

 

 

Figure 3.5 Yield (kg ha-1) for a 50-ha field in Lamb County in the SHP from 2000 to 

2003. 

 

3.3.4 Variability in NDVI and EVI 

 The spatial and temporal variability of NDVI and EVI was observed for all the 

years under study (Figure 3.6, Figure 3.7, Figure A.1, Figure A.2, Figure A.3, Figure A.4, 

Figure A.5, Figure A.6, and Table A.3). The mean NDVI was highest on 16 August, 19 

August, 22 August, and 25 August in 2000, 2001, 2002, and 2003, respectively. The 

mean EVI was highest on 16 August, 3 August, 22 August, and 25 August in 2000, 2001, 

2002, and 2003, respectively. The range of both NDVI and EVI was highest on 22 

August, 2002, indicating high spatial variability of VIs in this year.  
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Figure 3.6 Variation in NDVI across different dates from May to September in 2000 in a 

50-ha field in Lamb County, TX.  

 

Figure 3.7 Variation in EVI across different dates from May to September in 2000 in a 

50-ha field in Lamb County, TX. 
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3.3.5 Correlation between yield and VIs 

 The correlation between yield and vegetation indices increased up to mid-season 

and then started to decrease (Table 3.1). This is expected as cotton develops more 

reproductive than vegetative parts in the later season and hence decreasing the vegetative 

index. The highest correlation between VI and yield was found on July 15, August 19, 

August 6, and August 25 in the years 2000, 2001, 2002, and 2003, respectively. The dates 

of highest correlation with yield were the same for NDVI and EVI for all the years.  

Table 3.1 Correlation between yield and VIs from 2000 to 2003 in a 50-ha field in Lamb 

County, TX. 

Year Day r (Yield~NDVI) p-value r (Yield~EVI) p-value 

2000 28-May 0.06 0.17 0.05 0.31 

 13-Jun 0.75 <0.001 0.75 <0.001 

 15-Jul 0.88 <0.001 0.87 <0.001 

 16-Aug 0.72 <0.001 0.78 <0.001 

 1-Sep 0.43 <0.001 0.38 <0.001 

 17-Sep -0.02 0.12 -0.07 0.13 

2001 15-May 0.29 <0.001 0.30 <0.001 

 16-Jun 0.34 <0.001 0.42 <0.001 

 18-Jul 0.65 <0.001 0.67 <0.001 

 3-Aug 0.67 <0.001 0.73 <0.001 

 19-Aug 0.72 <0.001 0.74 <0.001 

 20-Sep 0.28 <0.001 0.14 <0.01 

2002 18-May -0.02 0.80 -0.03 0.59 

 19-Jun 0.44 <0.001 0.45 <0.001 

 21-Jul 0.53 <0.001 0.61 <0.001 

 6-Aug 0.60 <0.001 0.62 <0.001 

 22-Aug 0.49 <0.001 0.42 <0.001 

 23-Sep 0.50 <0.001 0.50 <0.001 

2003 5-May 0.56 <0.001 0.45 <0.001 

 22-Jun 0.58 <0.001 0.28 <0.001 

 24-Jul 0.75 <0.001 0.71 <0.001 

 9-Aug 0.83 <0.001 0.79 <0.001 

 25-Aug 0.85 <0.001 0.85 <0.001 

 26-Sep 0.70 <0.001 0.64 <0.001 
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3.3.6 Spatio-temporal variation of VIs in relation to soil properties and topography 

 The temporal variation in VIs was determined by calculating the CV of NDVI and 

EVI from the start of the season to the date with the highest correlation with yield (Figure 

3.8). The coefficient of variation ranged from 0.26 to 0.90 for the years under study. 

However, the range of variation was different for different years. The lowest variation of 

VI was found in 2001 for both NDVI and EVI. This might be due to higher in-season 

rainfall during 2001, leading to consistent overall crop vegetative growth across the field.  

 

Figure 3.8 Coefficient of variation (CV) of NDVI and EVI from 2000-2003 in a 50-ha 

field in Lamb County, TX. 

The multiple regression analysis between CV of VIs and soil and topographic 

properties indicated the presence of spatial autocorrelation in the residual of the model. 

Hence, the spatial error model was used in the analysis (Table 3.2). The temporal 

variation of NDVI and EVI was lower in areas with higher elevation. The slope of the 

field had no significant influence on the variability of CV of NDVI and EVI except for 

NDVI in 2001 and 2003. The positive coefficient of slope for these years indicates that in 
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the areas with higher slope, the variation in NDVI was higher. In 2002, the change in 

NDVI was only related to change in elevation and change in EVI was related to ECa_dp in 

addition to elevation. The variation in NDVI and EVI was higher in areas with higher 

electrical conductivity in most of the years.  

Table 3.2 Regression analysis for CV of NDVI and EVI as a function of elevation, slope, 

and apparent electrical conductivity in a 50-ha field in Lamb County, TX. 

Year Response variable Predictor Variables Coefficient p-value 

2000 NDVI - CV Elevation -29.47 <0.001 

  ECa_sh 0.05 0.003 

  ECa_dp 0.07 <0.001 

 EVI - CV Elevation -37.15 <0.001 

  ECa_sh 0.06 0.01 

  ECa_dp 0.09 <0.001 

2001 NDVI - CV Slope 0.07 0.001 

  Elevation -15.38 <0.001 

  ECa_sh -0.03 0.001 

  ECa_dp 0.03 <0.001 

 EVI - CV Elevation -21.76 <0.001 

  ECa_sh -0.02 0.01 

  ECa_dp 0.04 <0.001 

2002 NDVI - CV Elevation -18.19 <0.001 

 EVI - CV Elevation -23.97 <0.001 

  ECa_dp 0.05 0.02 

2003 NDVI - CV Slope 0.01 <0.001 

  Elevation -10.39 0.04 

  ECa_dp 0.03 0.01 

 EVI - CV Elevation -28.45 <0.001 

  ECa_dp 0.08 <0.001 

Only significant variables are shown. NDVI - CV: Coefficient of variation of NDVI, 

EVI - CV: Coefficient of variation of EVI, ECa_sh: Apparent electrical conductivity at 

0-30 cm, ECa_dp: Apparent electrical conductivity at 30- 90 cm depth. 

 

3.3.7 Geospatial analysis of VIs and yield 

 The semivariogram analysis of yield, NDVI, and EVI for the dates with highest 

correlation between yield and NDVI showed the presence of spatial autocorrelation 

among the variables (Table 3.3). The nugget: sill ratio was less than 0.2 for all the 

variables, thus, indicating the presence of strong autocorrelation at a given spatial scale. 
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The spatial correlation for yield in four years ranged from 144.6 m to 267.2 m and the 

best fit semivariogram was the Spherical model, except for 2000, in which the Gaussian 

model was the best fit. The spatial correlation for NDVI in four years ranged from 136.78 

m to 285.7 m, and the best fit semivariograms were Spherical and Gaussian models. The 

spatial correlation for EVI in four years ranged from 130.3 m to 273.2 m and the best fit 

semivariograms were Spherical and Gaussian models. In 2000 and 2002, the ranges for 

yield, NDVI, and EVI were not significantly different. However, in 2001 and 2003, the 

range of the yield was lower than those of NDVI and EVI. The nugget to sill ratios were 

less than 0.20 for all the variables indicating the presence of strong spatial dependency 

(Cambardella et al., 1994).  

Table 3.3 Semivariogram parameters for VIs and yield in a 50-ha field in Lamb County, 

TX. 

Year Variable Nugget Sill N:S Range (m) Model 

2000 Yield 0.0248 0.1313 0.19 144.56 Gaussian 

 NDVI 0.0007 0.0079 0.09 138.32 Gaussian 

 EVI 0.0006 0.0065 0.10 130.25 Gaussian 

2001 Yield 0.0048 0.0373 0.13 176.60 Spherical 

 NDVI 0.0003 0.0054 0.05 285.68 Spherical 

 EVI 0.0007 0.0059 0.11 273.18 Spherical 

2002 Yield 0.0074 0.0756 0.10 267.15 Spherical 

 NDVI 0.0009 0.0088 0.10 136.78 Gaussian 

 EVI 0.0010 0.0085 0.12 132.57 Gaussian 

2003 Yield 0.0036 0.0332 0.11 175.11 Spherical 

 NDVI 0.0003 0.0056 0.06 235.35 Spherical 

  EVI 0.0005 0.0064 0.08 221.72 Spherical 

 

3.3.8 Yield prediction based on NDVI and EVI 

 The spatial regression model of train data for yield as a function of NDVI and 

EVI showed that both the vegetation indices can predict yield variability (Table 3.4). 

Moreover, the R2, root mean square error value (RMSE), and mean absolute error (MAE) 

value for the model for test data showed that both VIs can predict yield with reasonable 
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accuracy. However, except for 2003, the EVI was able to better predict yield as compared 

to NDVI as seen by the higher R2, lower RMSE and MAE value for the model based on 

EVI. Several studies have shown that EVI is more sensitive to vegetation as compared to 

NDVI, which might be the reason for this difference. The prediction error was highest in 

2002, possibly because only the yield data from half of the field was available for the 

analysis in this year.  

Table 3.4 Vegetation indices based yield prediction in test data set using regression 

model from training data set for a 50-ha field in Lamb County, TX from 2000 to 2003. 

Date Variable Intercept Coefficient p-value R2 RMSE MAE 

7/15/2000 NDVI -410.60 2201.96 <0.001 0.72 106.96 85.49 

 EVI -224.87 2319.03 <0.001 0.78 94.44 74.78 

8/19/2001 NDVI -372.57 1906.36 <0.001 0.57 117.49 94.92 

 EVI -71.31 1683.14 <0.001 0.59 111.78 90.07 

8/6/2002 NDVI -138.03 1706.67 <0.001 0.28 161.08 116.91 

 EVI 56.49 1597.31 <0.001 0.30 157.91 113.06 

8/25/2003 NDVI -228.24 2151.42 <0.001 0.75 94.64 74.80 

 EVI 76.94 1909.48 <0.001 0.75 96.81 75.61 

 

 Discussions 

3.4.1 Spatio-temporal variability of VIs and yield prediction 

NDVI and EVI derived from remotely sensed satellite images showed significant 

variability at the spatial and temporal scales in this field. The within-season temporal 

variation of VIs followed the crop growth pattern such that the VI values for both NDVI 

and EVI increased gradually and then started decreasing. The low VI values at the start of 

the season indicate smaller cotton plant canopy during early growth stages, and the high 

values around mid-season is due to peak cotton canopy size, which eventually decreases 

as plants start to senescence. At the spatial scale, this pattern of variability of VIs 

corresponded with spatial variability in soil and topographic properties such that areas 

with high slopes and poor soil type showed lower values for VIs. Several studies have 
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shown that the soil properties and topography influence crop growth at within-field scale 

by influencing the distribution of soil water and nutrients (Li et al., 2000; Bronson et al., 

2003; Guo et al., 2012; Neupane and Guo, 2019). Since the VIs are based on the 

reflectance from crop canopy, the differences in crop growth at different locations might 

have resulted in the spatial variability of VIs.   

The analysis of the coefficient of variation of within-season NDVI and EVI also 

showed that soil apparent electrical conductivity, slope, and elevation have a significant 

influence on the variation of VIs across the field. Moreover, this relationship of VIs with 

inherent field properties was significant in all the years under study. This indicates that 

while considering the role of VIs in precision agriculture, it is equally important to 

understand the influence of underlying field properties in crop growth and yield. 

Elevation appeared to be the most influencing factor among other variables and had a 

negative influence on the variation of NDVI and EVI. Several multiple-year studies in 

this region have also shown that cotton growth and yield were significantly influenced by 

soil properties and topography. However, the magnitude and effect of variation depended 

on weather conditions for different years (Li et al., 2001; Torrion et al., 2014). 

Understanding the influence of soil properties and topography on spatio-temporal 

variation of VIs can therefore improve site-specific crop management, such as detecting 

crop stress (Torrion et al., 2014), delineating production zones (Basnyat et al., 2005), and 

predicting crop yield (Liu et al., 2015; Meng et al., 2017) among others.   

 In this study, cotton lint yield was predicted using the validation set approach 

such that 0.7% of the data was classified as training data set to create the model, which 

was later validated on the test data set. The results showed that both NDVI and EVI could 
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predict yield significantly in this 50-ha field. However, the prediction performance was 

higher for some years compared to others. The VIs had significantly better performance 

in 2003 than 2002 in predicting cotton yield, possibly due to differences in crop growth 

during these years. The average yield was higher in 2003 than in 2002.  The model was 

created based on the mid-season VI which have been found to be effective in yield 

prediction as compared to other seasons (Filippi et al., 2020). Moreover, EVI was found 

to be better in three out of four years of study in predicting cotton yield. This might be 

due to the higher sensitivity of EVI under higher biomass regions (Boegh et al., 2002; Ali 

et al., 2019). However, NDVI performed slightly better than EVI in 2003 as indicated by 

lower RMSE and MAE value compared to EVI. The average NDVI values were highest 

in 2003 for the given date when the correlation between yield and NDVI was highest. 

NDVI has been found to be affected by soil brightness (Xue and Su, 2017); higher 

ground cover in 2003 might have improved the performance of NDVI in yield prediction. 

On the other hand, EVI was created as a parameter to simultaneously correct soil and 

atmospheric effects (Xue and Su, 2017). This might be the reason for the higher 

performance of yield prediction of EVI in years with lower ground cover and average 

yield, such as in the year 2000. This indicates that in the year with low ground cover, 

using EVI might be better than NDVI in yield prediction, while in the year with better 

crop growth and ground cover, both NDVI and EVI could be used.  

3.4.2 Implications for precision agriculture management 

Knowledge about the spatial variability of NDVI and EVI across the field within 

a season and across multiple years can help researchers design strategies for site-specific 

agriculture management. The results in the spatio-temporal variability of VIs, including 



Texas Tech University, Jasmine Neupane, August 2021 

66 

 

the magnitude and potential causes, have implications for relevant research and site-

specific soil management at the field scale. While elevation and apparent soil electrical 

conductivity were two important factors influencing the variability of NDVI and EVI, in 

general, areas with high slope and poor soil type (Brownfield fine sand) showed lower 

values of VIs. This implies that management activities, such as irrigation and 

fertilization, could be managed site-specifically to improve the crop growth in such areas 

of the field. Several studies have shown that zone delineation based on VIs can be done 

for site-specific agriculture management, which can not only optimize crop yield and 

profit but also minimize the negative influence on the environment (Basnyat et al., 2005; 

De Benedetto et al., 2013; Breunig et al., 2020). This study showed the spatial variation 

of NDVI, EVI and yield across the field, and the spatial patterns were mainly 

corresponding to the variation patterns of soil and topographic properties. The nugget to 

sill ratio was less than 0.2 for all the variables in all the years, indicating strong spatial 

autocorrelation. Except for 2002, the range of spatial autocorrelation of yield was lesser 

than the range for NDVI and EVI in a given year. Understanding this spatial variability 

provides valuable information for modeling and predicting yield in fields with diverse 

soil types (sandy loam to sandy texture) and topographic properties. In fields with similar 

soil types and topographic properties, management zones for precision agriculture can be 

created based on the distance of autocorrelation of NDVI and EVI. For example, in 2000, 

with the lowest average yield, the range of autocorrelation was lower for yield, NDVI, 

and EVI compared to other years. This information can be used to determine the size of 

management zones depending upon the weather condition and crop growth. Moreover, 

based on the weather condition and crop growth, the selection of appropriate vegetation 
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index in yield prediction might also help in developing better management decisions. For 

example, irrigation can be optimized in areas showing a varied response of crop yield and 

vegetation indices to irrigation rates. Hence, understanding spatio-temporal variability of 

VIs and the influencing factors can help improve precision management of crop inputs, 

such as water and nutrients, for sustainable agriculture and conservation of resources.    

3.4.3 Limitations and future research 

 This study presents valuable information on how NDVI and EVI vary at the 

spatial and temporal scales and the factors influencing this distribution. Moreover, the 

yield prediction based on VIs can be used for creating site-specific management zones to 

achieve target yield. The limitation to this research lies in the fact that this study has been 

conducted in one field. Multiple-year studies on multiple fields can be conducted in the 

future to develop VI based yield prediction model that could be optimized for the larger 

region. Further ground data collection for plant growth parameters such as leaf area index 

(LAI) could be included for better interpretation and validation of the results.  

 Conclusion 

In this study, we evaluated the spatio-temporal variability in vegetation indices, 

including NDVI and EVI. We also determined the effects of soil physicochemical 

properties and topography on the pattern of spatiotemporal variation of NDVI and EVI at 

the field scale. Both NDVI and EVI values increased with the increase in crop growth to 

the mid-season and started to decrease as the crop started to senescence. Elevation and 

apparent soil electrical conductivity were found to be the main factors influencing the 

spatiotemporal variation of both NDVI and EVI. The effect of elevation on the variation 

of VIs is likely through its impact on the distribution of soil properties, especially water 



Texas Tech University, Jasmine Neupane, August 2021 

68 

 

and nutrients. On the dates with the highest correlation of VIs with yield, there was a 

presence of strong spatial autocorrelation in yield and VI values. The range of 

autocorrelation varied based on year such that year with lowest average yield showed the 

lowest correlation. This information can be used in creating management zones for 

precision agriculture management based on weather and crop growth conditions. Both 

NDVI and EVI were able to significantly predict cotton yield in all the years under study. 

However, EVI showed better prediction performance compared to NDVI in most of the 

years due to its higher sensitivity to vegetation. NDVI was only slightly better than EVI 

in 2003, which might be due to higher ground coverage and lesser background noise in 

this year with the highest average cotton yield. This information can be useful in 

selecting the vegetation indices in predicting yield for precise input management. 

Overall, the results of spatial and temporal patterns of VI distribution and associated 

influencing soil and topographic properties from this study extend our understanding of 

the use of remotely sensed VIs in site-specific crop management research and 

application, especially in semi-arid crop production systems. Further studies are required 

in multiple years and multiple fields to develop VI-based yield prediction models in 

precision agriculture management.  
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CHAPTER IV 

4 SPATIAL AND TEMPORAL VARIABILITY OF PROFIT IN EIGHT 

COMMERCIAL COTTON FIELDS IN THE SOUTHERN HIGH PLAINS 

 

Abstract 

Declining water resources in the advent of climate change and increasing 

population require advanced strategies and technologies to sustain agricultural production 

and profitability across the world. Understanding how yield and profit varies at spatial 

and temporal scale within a field can provide a basis for site-specific management of 

limited agricultural inputs such as water. Hence, this study was conducted to determine 

profit variability in eight commercial cotton fields in the Southern High Plains (SHP) of 

Texas from 2000 to 2003. Specifically, the objective of this study was to understand the 

factors affecting the spatial and temporal variability of profit and utilizing this variability 

in precise management of agricultural inputs. The information for soil properties, 

topography, yield, and costs (input and output) were collected for each field. Each field 

was divided into 30 m × 30 m grid, and profit was calculated for each grid. Clusters were 

created using soil and topographic properties. ANOVA and LSD tests were conducted to 

determine the difference in profit among the clusters in multiple years. Four of the eight 

fields under study showed a significant difference in profit among clusters and the 

difference was consistent for all the years. This indicates the potential of using site-

specific management practices such as variable rate irrigation (VRI) in these fields with 

stable profit in clusters in multiple years. Four of the fields indicated inconsistent 

differences in profit in different clusters. Dynamic crop modeling and irrigation 

scheduling based on weather conditions can help to increase profit and conserve water in 

these fields. Hence, this study provides a basis for site-specific management of 
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agricultural inputs in fields with soil and topographic variability, especially, in resource 

limited regions of the world.  

 Introduction 

Agriculture is a complex and dynamic system that has been expanding and 

intensifying to meet the demands of more than 9 billion people in the world 

(Capmourteres et al., 2018). This has resulted in an increase in freshwater withdrawals, 

groundwater depletion, and environmental degradation in many parts of the world. For 

instance, the water-limited Ogallala Aquifer in the Southern High Plains (SHP) of Texas 

has seen a drastic depletion, leading to the prediction that 35% of the SHP will not be 

able to support irrigation within the next 25 years (Snowden et al., 2013; McGuire, 2014). 

About 60% of the total cultivated agricultural area in the SHP is irrigated and cotton is 

planted in almost half of this area (USDA, 2017). Although growing cotton demands less 

water compared to corn and other crops (Colaizzi et al., 2009), the increasing scarcity of 

freshwater is posing a threat to cotton production in the SHP region. Although dryland 

farming is an option, the net return from irrigated cotton production surpasses all other 

crops and technology combinations (Terrell et al., 2002). Hence, there is a need for 

advanced technology and strategies for optimized irrigation in this region for improved 

and sustainable cotton production.  

Precision irrigation or site-specific irrigation management can be an efficient 

strategy to improve economic return and reduce the environmental impact of cotton 

production by utilizing the inherent spatial and temporal variability at the sub-field level 

(Al-Kufaishi et al., 2006). Studies have shown that the use of state-of-the-art irrigation 

technologies such as variable rate irrigation (VRI) can be highly effective in increasing 
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water use efficiency of crops, reducing water use, and conserving ecosystems (Duncan, 

2012; O’Shaughnessy et al., 2016; Sui and Yan, 2017). From an economic standpoint, 

precision irrigation management can help to monitor and optimize agriculture input and 

production process with the help of detailed within-field information acquired using 

sensors technologies, satellite navigation, positioning technology, and data analytics so as 

to increase yield and profit (Schrijver, 2016). VRI has been found to save water up to 

26% for well-watered crop production and could be the best way to deal with the 

increasing scarcity of resources (Evans and King, 2012; Payero and Khalilian, 2017). In 

most cases, this potential for conservation is possible either by not irrigating non-cropped 

areas, or optimizing irrigation amount or profitability based on spatial variability of field 

(Sadler et al., 2005). A study conducted in the Texas High Plains found that the yield or 

profit from a cotton field can be increased by irrigating only a fraction of the field while 

keeping the rest as dryland when the irrigation water availability is suboptimal (Nair et 

al., 2013). Several studies have been conducted (Lu et al., 2005; King et al., 2006; 

Duncan, 2012) in a stepwise manner to understand the feasibility, economic profitability, 

and sustainability of this technology (Sadler et al., 2005). While most studies have 

endorsed VRI technology for its ability to optimize irrigation and improve profitability 

per unit of water applied, some studies concluded that VRI technology might not be 

economically viable (Lu et al., 2005). For example, research conducted in southwest 

Georgia on a 12.6 ha field showed that VRI generated $16/ha more return than uniform 

rate irrigation (URI). Although this return was not significant for this small field, the 

study suggested that profits could be amplified for the large field and benefit farmers 

(Nijbroek et al., 2003). Using VRI rather than URI have found to save 9-19% of 
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irrigation water which not only improves profitability and also have environmental 

benefits of water conservation and reduced nutrient leaching (Hedley and Yule, 2009). 

The variable response of cotton growth and yield to different irrigation rates indicate the 

potential of optimizing variable-rate irrigation systems to optimize crop production and 

profitability (Duncan, 2012). Hence, the information from yield response functions which 

include the site-specific factors in the coefficient estimation obtained directly from on-

farm trials that are designed specifically for precision technology management is needed 

for a profitable adoption of VRI (Bullock et al., 2002). At global scale, acknowledging 

the economic value of ecosystem services valued at US $125 trillion per year, makes 

precision irrigation even more important to sustain agriculture production and 

environment conservation (Costanza et al., 2014, 2017). 

Although the engineering component of VRI technology is relatively mature, the 

decision support systems are not well established or reliable enough for farmers to use 

directly in their field (Schimmelpfennig, 2016). The adoption rate of VRI technology by 

farmers may be influenced by several factors, such as field size, the presence of 

significant variability in the field, and cost-benefit ratio (Capmourteres et al., 2018). To 

implement VRI, additional information about field variabilities is needed, such as soil 

type, soil texture, elevation, slope, curvature, yield potential, weather conditions, and 

cropping system. The acquisition and processing of such information by trained 

professionals increase production costs. On the other hand, most of the VRI studies were 

conducted in small-scale experimental fields that do not consider the large-scale 

variability present in the commercial fields, and therefore, not justified for use in the real 

world situation (Kravchenko et al., 2017). Some studies have been done at the farm or 
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commercial scale to determine the potential and effectiveness of VRI (McClymont et al., 

2012). However, we need studies that have been conducted at the farm level so that the 

farmer could integrate the PA technologies to develop a whole-farm management 

strategy rather than field by field approach (McBratney et al., 2005). Besides this, we 

need to have a cost-benefit analysis of commercial site-specific management strategies 

that also include the impact on the environment. This could generate an intrinsic 

motivation in farmers to adopt such site-specific technologies. As an example, using VRI 

systems to manage irrigation in the field can increase profitability from the field by 

applying only the required right amount of irrigation across the field. The positive 

externalities to this action are the conservation of water and reduction in pollution of our 

water resources due to nutrient runoff or leaching caused by over irrigation (Neupane and 

Guo, 2019).  

Hence, on-farm VRI experiments and profitability analysis are critical for 

facilitating the adoption of such technology. Profit maps, in particular, are gaining 

momentum to delineate higher productive areas of the field from the areas with lower 

productivity and profitability that ultimately contributes to devising site-specific 

management strategies (Tyndall et al., 2013; Muth, 2014; Brandes et al., 2016). In this 

study, we assessed the spatial and temporal variability of profit in multiple fields in the 

Southern High Plains. We incorporated yield data into sub-field profit maps to identify 

the areas exhibiting consistent low or negative profit, and eventually, use this information 

for site-specific irrigation management. Further, we created management zones in the 

field based on relatively permanent properties of the field, such as soil and topographical 

properties of the field, and later validated using profit information for each cluster. These 
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variables have been selected because soil properties and topography have a significant 

influence on the distribution of water and nutrients across the field (Bronson et al., 2003; 

Guo et al., 2012). This study is driven by two assumptions: a) profit from the field is 

variable such that some areas of the field consistently produce better than the other, and 

b) precision irrigation can be used as an alternative to produce water savings and increase 

overall profitability from the field.  

 Materials and Methods 

4.2.1 Study site 

This study was conducted in eight commercially managed cotton (Gossypium 

hirsutum L.) fields located near Olton, Lamb County in the Southern High Plains of 

Texas from 2000 to 2003 (Figure 4.1). Fields 34 and 35 were not planted to cotton in 

2003. Commercial varieties of cotton were used in the field over the four years. Cotton 

was deficit irrigated using center pivot irrigation systems and the amount of irrigation 

varied over years depending on the precipitation received throughout the growing season. 

All the crop inputs and management have been done uniformly across the field during the 

study period. Conservation tillage was practiced in these fields. The surface soil texture 

of the fields ranged from sand to sandy loam, which is representative of the soils in this 

region (USDA-NRCS, 2008).  
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Figure 4.1 Study site and location of the eight fields in the SHP, Texas. 

4.2.2 Data collection and preparation 

4.2.2.1 Soil  

Soil type for each field was obtained from the USDA-NRCS online soil database 

(USDA and NRCS, 2005) (Figure 4.2). Apparent soil electrical conductivity data were 

obtained using a Veris EC Mapping System (Model 3100, Veris Technologies, Salina, 

KS) equipped with a DGPS in February 2001. This system consists of a Wenner array 

and records ECa in mS m−1 by electrical resistivity at a shallow depth (0–30 cm, ECa_sh) 

and a deep depth (0–90 cm, ECa_dp) simultaneously. Data points were collected about 

every 4 m on circular transects spaced ~15 m.  
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Figure 4.2 Soil type for the study fields in the SHP. 

 

4.2.2.2 Topography  

Digital elevation data (DEM) was obtained using a Trimble AgGPS 214 real time 

kinematic (RTK) GPS receiver (Trimble Navigation Limited, Sunnyvale, CA), which had 

an accuracy of 2.5 cm in horizontal directions and 5.0 cm in vertical directions. 

Measurements were taken approximately every 15 m on transects spaced ~15 m. The 

slope for the fields was calculated from this DEM using the Spatial Analyst tool in 

ArcGIS 10.7 (ESRI, Redlands, CA).  
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4.2.2.3 Weather data 

Seasonal monthly rainfall was recorded for the study sites. Highest rainfall was 

recorded in June 2003 (Figure 4.3). Total in-season rainfall (April to September) was 

highest for 2003 and lowest for 2000.  

 

Figure 4.3 Total seasonal rainfall (mm) from 2000 to 2003 at the study sites. 

4.2.2.4 Yield data 

Seed cotton yield was collected using an 8-row stripper equipped with an 

Agriplan AG700 optical yield monitor (Advanced Sensing and Controls Inc., 43 Broad 

Street, Hudson, MA 01749, USA) and a differential global positioning system (DGPS) 

with sub-meter accuracy. Seed cotton yield data were converted to lint yield after 

ginning. The proportion of lint to seed cotton was typically around 30 % (Jerry Brightbill, 

producer of the fields in study, personal communication). Measurements were taken 

about every 2 m on transects spaced 8 m (swath width of cotton stripper). Yield data were 

subjected to post-harvest screening because yield monitor data normally contains errors 

that prevent appropriate interpretation (Simbahan et al., 2004). Yield data errors due to 
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extreme flow, sensor offset, field entry, overlapping, and low and high speed were 

removed. The yield data was interpolated to 4-m grids, and the average yield was 

calculated for the 30-m grids.  

4.2.3 Economic data and calculation of profitability 

4.2.3.1 Ownership cost 

The ownership cost or the fixed costs associated with owning a depreciable asset 

are also an important part of the total costs incurred in owning and using farm machinery 

and land. These costs are usually computed on an annual basis and the major part of 

which consists of depreciation, insurance, interest, taxes, and repairs (Kay and Hayenga, 

1973). The calculation of the annual ownership cost can then be used to determine fixed 

cost per unit of output and which in a combination of variable cost can help in 

determination of the profitability from the field. The cost of owning a 120-acre center 

pivot irrigation system was calculated by estimating the annualized cost per acre of a 

standard system using the depreciation of the pivot over the lifetime. The quarter-mile 

center pivot was assumed to consist of power, pump, and gear connecting equipment. The 

costs of installation, well, labor, repair and maintenance, insurance, and depreciation 

were also included in the annualized cost calculation. Depreciation is the change in value 

of an asset over a single period (V0-V1) that occurs due to changes in market price or the 

reduction in the service potential of the asset. For the 25 years (assumed life of a center 

pivot), the depreciation is calculated using the Capital Recovery Method which has been 

approved by the National Task Force on Commodity Costs and Return Measurement 

Methods (Dalton et al., 2002). The annualized cost of the center pivot was calculated 

using the equation given in (Dalton et al., 2002) as 
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𝐴 = 𝑃 ∗
1(1+𝑖)𝑛

(1+𝑖)𝑛 − 𝑆𝑉 ∗
𝑖

(1+𝑖)𝑛−1
                                                                     (1)   

where 

A = the annual cost of the implement; 

P = the purchase price; 

i = the real interest rate; 

SV = the salvage value of the implement at the end of its useful life; and  

n = the economic life of capital good. 

The first part of the above equation calculates the depreciation and interest charge 

on the purchase amount. The second part of the equation calculates the annualized value 

of the salvage received at the end of the costing period, which might change depending 

on the length of time of holding an asset, use intensity, maintenance, and market price of 

the asset’s services.  

Maintenance costs are the expenses required to maintain the service potential of 

the asset at a reasonable level, such as costs for fuel, lubrication, repairs, labor, etc. and is 

calculated using the equation given in (Dalton et al., 2002) as  

𝑀 = 𝑃 ∗ 𝐴𝑀                                                                                                      (2) 

where 

M = Annual maintenance charge; and  

AM = estimated average percentage of the purchase price of the asset. 

Irrigation investment, if financed by a bank, usually incurs insurance expenses. 

The total cost of insurance is calculated over the average level of investment using give 

equation- 

𝐼𝑁 = 𝑟 ∗ 𝑃                                                                                 (3) 
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Where 

IN = Annual insurance  

R = tax rate 

The total ownership cost (OC) can then be calculated using the equation given in 

(Dalton et al., 2002) as the sum of depreciation, interest, and insurance plus taxes (if 

applicable). 

𝑂𝐶 = 𝐴 + 𝑀 + 𝐼𝑁                                                                                               (4)    

Since we are focused on irrigation technology in this study, we used this method 

to calculate the annual cost of owning a center pivot irrigation system. For land and other 

agriculture machinery, we use the ownership cost projected for given study years (Texas 

A&M Agrilife, 2003) as shown in Table A.4.  

4.2.3.2 Operating Cost 

Operating costs are the expenses incurred on a daily basis in crop production 

process. Data related to variable costs (operating costs) and irrigation were obtained from 

the crop report provided by the farmer of the field. The operating cost or the variable cost 

included the cost for seed, herbicide, insecticide, plant regulator, harvest aids, fungicide, 

other chemicals, fertilizer, field operation cost, labor cost, and other expenses.  

4.2.3.3 Profit calculation 

The cost for each grid of each field was also calculated for site-specific analyses. 

The revenue for the field was calculated using the average yield data for each grid. The 

average value for lint and seed price was used based on the cotton budget prepared by 

Texas A&M Agrilife Extension Service (Texas A&M Agrilife, 2003). Profitability (P) 
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for field i in year j for grid k, was calculated as [modified from (Capmourteres et al., 

2018)]:  

Pijk ($) = (Lintijk * Plint + Seedijk * Pseed – ICijk – VCijk)  (5) 

Where 

Lintijk and Seedijk are the average lint yield and seed yield, respectively, for field i in year j 

for grid k; 

Plint and Pseed are the price for lint and seed, respectively, for field i in year j for grid k;  

ICijk is the irrigation cost for field i in year j for grid k; and,  

VCijk is the variable cost for field i in year j for grid k. 

Once the profit for each grid was calculated, the variability map for profit was created 

using ArcGIS 10.7. 

4.2.4 Data Integration 

The point or polygon data for soil properties, topography, and yield were overlaid 

and integrated using ArcGIS. The data for profit was also integrated such that each grid 

had the information for soil type, slope, elevation, curvature, yield, and profit.  

4.2.5 Cluster analysis for management zones creation 

Soil type, elevation, slope, and curvature values for each grid were used in cluster 

analysis so as to create the management zones. In this study, clustering of data was done 

in R (R Core Team, 2017) using Gower distance, partitioning around medoids (PAM) 

algorithm, and silhouette width as this method have been found to provide a more 

effective way of clustering for mixed-type data sets (Gower, 1971; Kaufman and 

Rousseeuw, 2005). PAM algorithm is a robust version of K-means clustering as it is less 

sensitive to outliers. This algorithm searches for k representative objects in a data set (k 
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medoids) and the clusters are created by assigning each object to the closest medoid 

(Bektas and Schumann, 2019). The numeric variables were internally scaled while 

calculating Gower’s distance. Least significant difference (LSD) test was used to 

determine if profit was significantly different among the clusters. The cluster with highest 

silhouette width was selected as the appropriate number of clusters for the field.  

 Results 

4.3.1 Variability in soil properties and topography  

Each of the eight fields showed spatial variability in soil type, electrical 

conductivity, elevation, slope, and curvature (Table 4.1). The highest elevation was 

recorded for C31, with a range of 5.5 m across the field. The mean slope for this field 

was 0.51%. The highest range of curvature was found in C32. ECa_sh and ECa_dp values 

were highest in C35 and lowest in C26. The number of soil types for fields C26, C28, 

C29, C30, C31, C32, C34, and C35 were 4, 5, 2, 10, 7, 7, 1, and 5, respectively (Figure 

4.2). C30 had the highest variability, and C34 had the lowest variability in soil types. The 

prevalent soil texture for the field was sandy loam, loamy sand, loam, sand, and clay 

loam. Loamy sand and sandy loam were the dominant soil texture across most of the 

fields.  

Table 4.1 Summary statistics of soil and topographic properties for eight fields in the 

SHP. 

Field  Elevation  Slope Curvature ECa_sh ECa_dp 

  Mean  Range Mean Range Mean Range Mean Range Mean  Range 

C26 1057.2 3.27 0.36 1.51 0.001 0.090 4.7 11.8 25.8 21.4 

C28 1080.7 2.14 0.32 1.45 -0.001 0.101 8.8 19.3 34.2 29.7 

C29 1080.0 1.71 0.17 0.45 0.001 0.024 20.4 25.4 61.6 38.2 

C30 1077.7 3.83 0.36 1.13 -0.001 0.072 15.7 27.1 48.9 35.1 

C31 1083.2 5.54 0.51 1.56 0.001 0.106 15.0 25.3 45.2 37.3 

C32 1071.1 2.77 0.48 2.17 0.001 0.136 13.7 23.0 33.7 24.6 

C34 1080.3 3.03 0.29 0.39 0.001 0.013 28.1 17.6 53.0 24.7 

C35 1075.5 5.34 0.47 1.15 -0.001 0.046 36.6 42.2 92.8 67.6 
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4.3.2 Yield variability 

Yield from the fields varied across multiple years (Figure 4.4). Overall, a lower 

average yield was observed in 2000 for all the fields. This could be due to a drought in 

2000 that lasted for three and a half months during the growing season. Further insect 

pressure was also prevalent during the late season and hence decreasing the yield. The 

highest average yield was observed in 2001, possibly due to the higher pre-season rainfall 

amount in this year. C26 had the highest yield in 2002 and 2003. The four-year average 

yield was higher for C31, followed by C26.  

 

Figure 4.4 Average cotton lint yield in kg per ha for eight fields in the SHP from 2000 to 

2003. 

4.3.3 Variability in profit  

The profit varied from year to year for all the fields (Table A.4). The lowest profit 

was recorded in 2000, and the highest was recorded in 2001 for most of the fields. The 

total profit and the average profit was highest from C26 ($34,537) in the year 2001. C28 

had the highest profit of $28,207 in 2001. Similarly, highest profit for C29, C30, C31, 
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C32, C34, and C35 was $26,654, $12,970, $23,950, $12,248, $16,289, and $13,973, 

respectively, and all (except C32) were recorded in 2001. The four-year average profit 

per ha was highest for C26, followed by C34 and C31 (Figure 4.5). Conversely, the 

average yield was higher for C31. Also, C29 had a higher yield compared to C28, but the 

profit was higher for C28, which could be due to differences in soil and topographic 

properties of the field.  

The spatial pattern of profit indicates that profit varied across different landscape 

positions for the same field under uniform management in the same year (Figure 4.6). For 

example, some of the grids in C26 consistently had a lower profit in all four years. 

Similarly, the grids showing higher profit were consistent in their performance across 

multiple years. This pattern was similar for C28. However, the spatial pattern of profit 

variability in C29 was not consistent in these years. In general, profitability for the field 

ranged from less than zero to $2000 per ha, depending on the field and year. Most of the 

losses were found to be in the grids for C26, C28, and C30 in 2000. 

 

Figure 4.5 Profit variability in eight fields in the SHP from 2000 to 2003. 
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Figure 4.6 Spatial and temporal patterns of profit in eight fields in the SHP from 2000 to 

2003. 
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4.3.4 Variability in profit among clusters 

Clustering based on soil properties and topography resulted in varying numbers of 

clusters for different fields (Table 4.2). The appropriate number of clusters was two for 

C26, C29, and C34, three for C28, C31 and C32, four for C30, and five for C35 (Figure 

4.7).  

For C26, Cluster 1 had loamy sand texture and Cluster 2 had sandy texture. ECa_dp 

and slope were higher and curvature was lower in Cluster 1. Profit was significantly 

different among the two clusters in all the years under study. Cluster 1 had higher profit 

compared to Cluster 2 in all the years. Loamy sand has better water holding capacity 

compared to sandy soil, which might have increased the water use efficiency in this 

cluster and hence improved profit. Soil type was different among the three clusters in 

C28. The pattern of profit was different among the clusters in multiple years. Cluster 3 

had significantly higher profit in all three years. Cluster 1 with sandy soil and lower 

ECa_dp consistently yielded lower in all the years, except for 2001 when the pre-season 

rainfall was higher. This might be due to the fact that when the amount of rainfall is 

higher, even the crops growing in sandy soils had higher available water for growth and 

hence resulted in higher profit under uniform irrigation management. C29 was divided 

into two clusters with the same soil type, and Cluster 1 consistently gave higher profit. 

Among the four clusters in C30, only Cluster 2 had loamy soil and produced significantly 

higher yield in 2002 and 2003. In clusters with sandy loam soil, the profit pattern varied 

across multiple years. Cluster 2 in C31 had higher profit in all the years under study, 

however, this was not significantly different from the other clusters in all the years. For 

C32, Cluster 3 with sandy loam soil had the highest profit in most of the years. C34 has 
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comparatively uniform soil and topographic properties across the field. Though both the 

clusters in C34 had loamy soil, profit in the clusters were significantly different except in 

2001. Among the five clusters in C35, Cluster 3 with clayey soil was significantly 

different from others in all the years and the profit was lowest except in 2001.  

Table 4.2 Variation in profit and field properties between different clusters for eight 

fields in the Southern High Plains of Texas from 2000-2003. 

Field  Cluster Main Soil type  # grids ECa_dp Elev (m) Slope 

 (%) 

Curv  

(m-1) 

Average Profit ($ per ha)† 

2000 2001 2002 2003 

C26 1 Loamy sand 187 15.1 1057 0.48 0.000 -47.7a 890.0a 739.0a 699.8a 

 2 Sand 294 12.3 1058 0.28 0.004 -140.1b 735.7b 639.6b 498.6b 

C28 1 Sand 277 13.4 1081 0.30 -0.002 -69.7b 619.8a -107.7c 165.0c 

  2 Loamy sand 191 19.9 1081 0.37 0.003 153.7a 636.0a 235.3b 266.8b 

  3 Sandy loam 32 29.1 1080 0.18 -0.007 291.4a 621.3a 648.6a 717.4a 

C29 1 Sandy loam 313 38.0 1080 0.15 -0.001 -101.8a 650.8a -138.0a 256.3a 

 2 Sandy loam 161 30.2 1080 0.19 0.005 -162.1b 571.4b -249.1b 192.2b 

C30 1 Sandy loam 110 28.0 1077 0.49 -0.009 -16.4a 853.5a 621.9b 586.2bc 

  2 Loam 29 34.6 1077 0.19 -0.009 -193.6b 785.0ab 914.2a 902.8a 

  3 Sandy loam 75 22.7 1078 0.81 0.006 -84.5a 733.5b 382.2c 507.9c 

  4 Sandy loam 281 26.5 1078 0.20 0.002 -173.1b 744.5b 679.7b 626.2b 

C31 1 Loamy sand 65 13.4 1081 1.01 -0.007 208.5a 657.9a 133.9d 32.4c 

 2 Loamy sand 174 21.0 1084 0.39 0.003 12.3b 449.0c 351.1c 310.6b 

 3 Sandy loam 41 23.1 1083 0.46 -0.011 136.9a 766.3a 616.0a 493.4a 

 4 Sandy loam 216 25.1 1084 0.45 0.002 127.3a 525.7b 438.8b 468.7a 

C32 1 Loamy sand 105 16.1 1072 0.68 0.006 -731.7a 45.3a 369.5b -79.4b 

  2 Loam 58 25.8 1071 0.31 -0.010 -797.0b -144.7b 706.7a 208.1a 

  3 Sandy loam 72 27.7 1071 0.32 -0.005 -717.2a 24.2a 791.8a 266.8a 

C34 1 Loam 165 40.3 1081 0.25 0.001 -57.3b 792.1a 286.3b  

 2 Loam 65 45.6 1079 0.40 0.002 -6.3a 788.8a 413.1a  

C35 1 Loam 187 48.6 1076 0.33 0.002 -145.3b 293.1b 272.1a   

  2 Clay Loam 132 54.4 1076 0.39 0.001 -161.3b 341.1ab 178.6b   

  3 Clay 45 65.9 1076 0.40 -0.009 -526.4c 418.4a 62.8c   

  4 Clay Loam 71 41.6 1073 0.70 -0.006 -41.8a 283.0b 345.7a   

  5 Loam 57 33.9 1074 0.85 0.005 -28.7a 292.3b 305.7a   

† Means within a field within a given year are not significantly different when followed by the same letter. 
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Figure 4.7 Variation in profit among different clusters for eight fields in the Southern 

High Plains of Texas in 2001. 

4.3.5 Effect of interaction between clusters and years on profit 

 The ANOVA analysis of profit among the clusters and in different years showed 

different patterns for different fields (Table 4.3). Among the eight fields, C26, C29, C34, 

and C35 showed that profit was significantly different among clusters and in different 

years. However, the interaction of cluster and year showed no significant variation in 

profit. This means that for these fields, profit in each cluster was consistent each year, 

i.e., a cluster with high profit always gave higher profit in all the years. Conversely, C28, 

C30, C31, and C32 showed a significant interaction effect of year and cluster on profit, 

indicating that the profit in a cluster may be high in one year and low in another.  
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Table 4.3 ANOVA of profit among clusters, years, and the interaction between cluster 

and year for eight fields in the Southern High Plains of Texas from 2000-2003. 

Field Variable Pr (>F)  Field Variable Pr (>F) 

C26 Cluster <0.001  C28 Cluster <0.001 

 Year <0.001   Year 0.58 

 Cluster*Year 0.13   Cluster*Year <0.05 

C29 Cluster <0.001  C30 Cluster <0.01 

 Year <0.001   Year <0.001 

 Cluster*Year 0.80   Cluster*Year <0.001 

C34 Cluster <0.05  C31 Cluster <0.001 

 Year <0.001   Year <0.001 

 Cluster*Year 0.30   Cluster*Year <0.001 

C35 Cluster <0.05  C32 Cluster <0.001 

 Year <0.001   Year <0.001 

 Cluster*Year 0.51   Cluster*Year <0.001 

 

 Discussion 

The fields in this study varied in soil and topographic properties such as soil 

texture, soil ECa, elevation, slope, and curvature. Several studies conducted in this region 

have shown that fields with variable soil and topographic properties can have an 

influence on crop yield variability (Ping et al., 2004; Bronson et al., 2005; Guo et al., 

2012). This yield variability results from the influence of inherent soil and topographic 

properties on the soil moisture distribution and irrigation requirements (Neupane and 

Guo, 2019). As a result, despite uniform irrigation management, all of the fields in this 

study showed significant spatial and temporal variability in yield and profit.  

Overall lower yield and profit in 2000 could be due to a decrease in yield resulted 

from the in-season drought that lasted for 3.5 months and insect pressure towards the end 

of season. Higher yield and profit in 2001 could be due to higher pre-season rainfall. C31 

had the highest yield in 2000 and 2001 and the highest four-year average yield. However, 

C26 had highest average profit. This implies that higher yield does not always correspond 
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to higher profit, endorsing the importance of profit analysis in precision irrigation 

management. This study also showed that there was variation in profit among the clusters 

which were created based on stable properties of the field, such as soil properties and 

topography. Here, we discuss the pattern of this variability in profit and its implication 

for site-specific management.  

4.4.1 Variability in profit for fields that did not show a significant interaction effect 

between clusters and years 

 Profit was not significantly different for four of the eight fields (C26, C29, C34, 

and C35), indicating that the profit among the clusters was stable across multiple years 

with multiple weather conditions. This stability of profit among the clusters is probably 

due to the uniform underlying soil and topographic properties. The soil type within each 

of these fields was relatively uniform. C35 had the highest of 5 soil types in the field and 

C34 had the lowest of only one soil type. The elevation difference in these fields ranged 

from 1.71 m (C29) to 5.34 m (C35). The slope was relatively lower (< 1.51 %) and the 

curvature was also lower (< 0.1 per m) in these fields. The range of electrical 

conductivity was highest in C35, due to the presence of Randall Clay soil usually found 

in playa lakes or depressed areas in this region. However, the profit in the clusters of 

these fields was consistent in all the years, such that a profit in one cluster was always 

significantly different from the other cluster. Moreover, the profit in one of the cluster 

tend to be consistently lower than in the other cluster in all years. For example, C26 had 

consistently higher profit in Cluster 1 with loamy sand soil type compared to Cluster 2 

with sandy soil type. Though C29 had the same soil type in its 2 clusters, Cluster 1 

always had a higher average profit compared to Cluster 2, which might be due to the 
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higher apparent soil electrical conductivity and lower slope in Cluster 1. Similarly, 

Cluster 3 in C35 consistently yielded a lower profit in all the years under study. An 

exception is for C34 in the year 2001, where Cluster 1 gave higher profit as opposed to 

Cluster 2. However, the profits in these clusters were not significantly different. Studies 

have shown that consistent lower profits in some areas for a field for multiple years 

indicate the ineffectiveness of these areas in converting crop inputs to commodity outputs 

(Muth, 2014). These fields from this study also showed consistent high and low-profit 

areas at the subfield scale. This indicates the potential for water savings and profit 

maximization using site-specific irrigation. For example, Cluster 2 in C29 is consistently 

yielding lower profit and hence applying less input such as irrigation in this cluster could 

not only decrease our cost of production but also save water resources. Studies by 

Brandes et al. (2016) and Muth (2014) have also shown that cropland diversification 

strategies such as crop rotation, CRP, and fallow management can also help to maximize 

overall profit from the field with substantially low-profit areas. Studies have shown that 

VRI can save water up to 26% for well-watered crop production, and the well-managed 

deficit irrigation technology could be the best way to deal with the increasing scarcity of 

resources (Evans and King, 2012). The study also concluded that field-partitioning 

strategies had a more pronounced impact on effective lint yield and profit when irrigation 

water availability was low together with low rainfall. Hence, in the fields with stable 

profit in clusters in multiple years, profit can be optimized using site-specific 

management practices such as VRI. 
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4.4.2 Variability in profit for fields showing significant interaction effect between 

clusters and years 

 Profit was significantly different for four of the eight fields (C28, C30, C31, and 

C32), indicating that the profit among the clusters was not stable across multiple years 

with multiple weather conditions. One of the reasons of this instability of profit among 

the clusters is probably due to the variability in underlying soil and topographic 

properties of these fields that influence the distribution of water and nutrient across the 

field. The soil types for these fields were relatively heterogeneous. C30 had the highest of 

eight different soil types in the field, and C28 had the lowest of five soil types. The 

elevation difference in these fields ranged from 2.14 m (C28) to 5.54 m (C31). The slope 

was relatively higher (> 1.1 %), and the curvature was also lower (< 0.1 m-1) in these 

fields. C32 had the highest range in slope (2.17%) compared to all the fields under this 

study. This variability in soil and topographic properties might have contributed to 

inconsistent profit in the clusters of these fields across multiple years such that a profit in 

one cluster was not always significantly different from the other cluster. Moreover, the 

magnitude of profit also varied among the clusters in different years. For example, 

Cluster 1 with sandy soil type in C28 had lower profit in three out of four years compared 

to Cluster 2 and Cluster 3. However, the profit was highest in this cluster in 2001 due to 

higher in-season rainfall that year. Though sandy soils have higher drainage compared to 

other soil types, the well-distributed rainfall throughout the season might have provided 

enough water in the surface and subsurface soil layer for crop growth in this cluster. C30 

has three clusters with sandy loam soil and one with loamy soil. However, even for the 

clusters with similar soil type, the profit is significantly different not only in the same 



Texas Tech University, Jasmine Neupane, August 2021 

97 

 

year, but the pattern varies across different years. In fields as such, where the profit 

pattern varies across different weather conditions in different management zones, profit 

optimization can be achieved by conducting real-time input management. Dynamic crop 

modeling and irrigation scheduling based on weather conditions can help to increase 

profit and conserve water in these fields. A previous study on spatial and temporal cotton 

yield variability in these fields has also concluded that for the fields with unstable yield, 

within-season site-specific management can be more beneficial than long-term 

management practices (Guo, 2018). Understanding profitability variation in these clusters 

can, therefore, help in better decision making for these fields in different weather 

conditions.  

 Conclusion 

The spatial variability of soil and topographic properties existed for all the fields 

under study though some fields showed higher variability compared to the others. 

Average yield and profit showed significant spatial and temporal variability in all of these 

fields. Even for the fields with lower variability in soil and topographic properties, profit 

was significantly different in different clusters. However, the pattern of this variability 

was consistent in multiple years such that clusters with high profit consistently yielded a 

higher profit, and conversely, clusters with lower profit consistently yielded lower profit. 

This indicates the potential for site-specific management of agricultural inputs such as 

irrigation in these clusters or management zones. Applying limited input such as 

irrigation water in cluster with lower response to inputs and low profit can not only 

decrease production cost but also conserve water resources. Fields with higher variability 

in soil and topographic properties showed an inconsistent profit in different clusters in 
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different years. Within-season irrigation management based on real-time weather 

information can be an efficient strategy to manage such fields so as to improve profit and 

sustainability in the SHP region which features field with varying soil and topographic 

properties. Hence, devising clusters in the field based on stable soil and topographic 

properties and further validating these clusters using profitability analysis can provide a 

basis for site-specific irrigation management in this region. However, further studies on 

the economic feasibility of the site-specific irrigation systems such as center pivot 

irrigation systems with variable rate irrigation capability need to be conducted to 

motivate farmers to adopt precision irrigation technologies. Hence, the findings from this 

study can eventually contribute towards sustainable agriculture and water conservation in 

the water-limited regions of the world.  
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CHAPTER V 

5 SUMMARY 

 

Integration of information on the spatial and temporal variability of soil 

properties, topography, crop yield, vegetation indices, and profit is important in the 

successful application of precision management strategies at the field scale. This study 

has been conducted in ten fields located in the Southern High Plains (SHP) in the years 

2000, 2001, 2002, 2003, and 2017. Soil physical, chemical, and microbial properties for a 

194-ha field were derived using 212 soil samples collected from the field. Soil apparent 

electrical conductivity (ECa) data were obtained using an EC mapping system. Soil type 

information was derived for each field from the USGS soil survey database. Yield data 

were collected using harvesters equipped with yield monitors and global positioning 

systems (GPS). Digital elevation data were collected using a real-time kinematic GPS 

system. Elevation, slope, and curvature were derived from the digital elevation data. 

Normalized difference vegetation index (NDVI) and Enhanced vegetation index (EVI) 

were derived from multiple in-season Landsat remote sensing images. The economic 

information for the cost of input and output prices for eight out of ten fields was collected 

from the crop reports provided by the farmer. The relationship between yield, soil 

properties, apparent electrical conductivity, topography, and remote sensing images, and 

profit were evaluated.  

This study showed that in the field with high variability in soil physicochemical 

properties and topography, soil organic carbon and soil water content were the main 

factors influencing the spatial variability of total soil microbial biomass at the given scale 

of soil sampling distance and depth. This information could be used to develop strategies 
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for site-specific management to enhance soil health, especially in semi-arid crop 

production systems. The spatio-temporal pattern of variability in vegetation indices, 

including NDVI and EVI, was also found to be significantly influenced by the spatial 

distribution of soil and topographic properties, specifically, elevation and apparent soil 

electrical conductivity. NDVI and EVI were able to predict cotton yield with good 

performance in all the years under study, but EVI showed better prediction performance 

compared to NDVI due to its higher sensitivity to vegetation. This information can be 

useful in selecting the vegetation indices in predicting yield and devising strategies for 

precision input management. Moreover, average yield and profit also showed significant 

spatial and temporal variability in the fields under study. For the fields with lower 

variability in soil and topographic properties, profit was significantly different in different 

clusters. In fields with higher variability in soil and topographic properties, profit was 

inconsistent in different clusters in different years. This indicates the potential for site-

specific management of agricultural inputs such as irrigation in these clusters or 

management zones based on the variability of the field.  

This study suggested that variability in soil and topography can influence crop 

growth, yield, and profit in the field. This information can be utilized to create site-

specific management strategies that have real-world practical applications, are adaptable 

by producers, and contribute towards the sustainability of agriculture and profitability. 

Moreover, such PA management based on advanced technologies can help to protect our 

environment.
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A. APPENDICES 

 

Table A.1 Correlation between soil physicochemical properties (0-15 cm depth) and 

topography for a 194-ha field in Hale County, Texas, in 2017. 

 Clay Silt Sand EC Ele Slope SWC pH TN SOC 

Silt (%) 0.25           

Sand (%) -0.66  -0.90          

EC (µS/cm)  0.28  -0.30         

Ele (m)  -0.24  0.22         

Slope (%)  -0.30  0.32  -0.21        

SWC (%) 0.46  0.52  -0.62  0.28  -0.33  -0.31      

pH  -0.21  0.23  -0.51   0.33  -0.24     

TN (%) 0.39  0.56  -0.62  0.38  -0.45  -0.32  0.59  -0.29    

SOC (%)  0.23  -0.24    0.34    0.29   

C:N      0.50  -0.29  0.29  -0.30  0.79  

Correlation coefficients significant at p<0.001, C:N = Ratio of SOC to TN; Ele = Elevation, EC = Electrical 

conductivity 
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Table A.2 Summary statistics of yield, soil properties, and topography for a 50-ha field in 

Lamb County, TX 

Variable Min Median Mean Max 

Yield 2000 211.5 764.7 730.2 1142.7 

Yield 2001 290.3 1000.1 973.0 1263.0 

Yield 2002 231.5 902.8 889.9 1354.6 

Yield 2003 424.1 1184.9 1149.6 1485.7 

ECa_sh 5.66 13.40 13.62 35.33 

ECa_dp 7.75 22.74 22.74 49.03 

Slope 0.18 0.80 1.21 5.94 

Elevation 1081 1084 1084 1085 
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Table A.3 Summary statistics of NDVI and EVI across multiple dates from 2000 to 2003 

for a 50-ha field in Lamb County, TX 

Year Day NDVI EVI 

    Min Median Mean Max Range Min Median Mean Max Range 

2000 28-May 0.16 0.20 0.20 0.30 0.14 0.13 0.15 0.15 0.23 0.10 

 13-Jun 0.17 0.24 0.24 0.28 0.11 0.13 0.17 0.17 0.20 0.07 

 15-Jul 0.25 0.53 0.52 0.65 0.40 0.19 0.43 0.41 0.55 0.36 

 16-Aug 0.47 0.70 0.69 0.79 0.32 0.36 0.59 0.58 0.72 0.36 

 1-Sep 0.39 0.65 0.65 0.76 0.37 0.31 0.51 0.51 0.64 0.33 

 17-Sep 0.32 0.44 0.44 0.56 0.24 0.25 0.32 0.32 0.42 0.17 

2001 15-May 0.13 0.17 0.17 0.20 0.07 0.10 0.12 0.12 0.13 0.03 

 16-Jun 0.14 0.18 0.19 0.23 0.09 0.10 0.14 0.14 0.17 0.07 

 18-Jul 0.18 0.56 0.54 0.67 0.49 0.14 0.47 0.45 0.58 0.44 

 3-Aug 0.28 0.65 0.64 0.76 0.48 0.23 0.63 0.62 0.77 0.54 

 19-Aug 0.31 0.71 0.69 0.80 0.49 0.25 0.62 0.61 0.74 0.49 

 20-Sep 0.36 0.63 0.62 0.78 0.42 0.27 0.46 0.46 0.64 0.37 

2002 18-May 0.16 0.25 0.25 0.37 0.21 0.12 0.17 0.18 0.26 0.14 

 19-Jun 0.13 0.17 0.17 0.20 0.07 0.10 0.12 0.13 0.15 0.05 

 21-Jul 0.16 0.35 0.37 0.60 0.44 0.13 0.27 0.28 0.46 0.33 

 6-Aug 0.26 0.63 0.62 0.80 0.54 0.22 0.55 0.54 0.79 0.57 

 22-Aug 0.27 0.73 0.70 0.87 0.60 0.22 0.64 0.62 0.85 0.63 

 23-Sep 0.20 0.56 0.55 0.71 0.51 0.15 0.41 0.40 0.56 0.41 

2003 5-May 0.15 0.28 0.28 0.39 0.24 0.11 0.20 0.19 0.26 0.15 

 22-Jun 0.13 0.18 0.18 0.27 0.14 0.10 0.13 0.13 0.21 0.11 

 24-Jul 0.22 0.41 0.40 0.53 0.31 0.17 0.31 0.30 0.41 0.24 

 9-Aug 0.32 0.53 0.51 0.63 0.31 0.28 0.50 0.49 0.65 0.37 

 25-Aug 0.32 0.66 0.64 0.78 0.46 0.26 0.58 0.57 0.75 0.49 

  26-Sep 0.33 0.58 0.58 0.78 0.45 0.25 0.44 0.45 0.68 0.43 
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Table A.4 Ownership cost/ Fixed cost ($) of quarter-mile center pivot irrigation in the 

SHP, Texas. 

Item 
Purchase 

price 

Years 

of life 

Salvage 

value1 

Annual 

cost (A) 

Insurance2 

(IN) 

Total 

OC 

Quarter mile center pivot cost and installation cost 35000 25 10500 2546.6 136.5 2683.06 

Power, pump and gear, connecting equipment, 
well, labor) 

30000 25 9000 2182.8 97.5 2280.26 

Total ownership cost 65000  19500  234 4963.32 

Total ownership cost per acre per year      41.36 
1Salvage value is 30% of purchase price except for irrigation well, 5% for well to plug it at the end of life 
2Insurance= 0.6% *Average investment value 

Interest rate (6%)*average investment value ((original cost + salvage value)/2) 
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Table A.5 Profit calculation using variable/operating costs and fixed/ownership costs 

information for eight fields in the SHP from 2000 to 2003. 

Field 
Area 

(ac) 
Year Variable Cost (VC) $ TFC 

Lint 

yield 

(kg) 

Seed 

yield (kg) 

Total 

Profit 

($) 

   
Materi

als 

Irrig

ation 

Mach

ine 
TVC     

C26 107.0 2000 197.6 54.3 40.5 345.3 193.7 37151.3 86599.8 -4412.3 

 107.0 2001 121.2 85.3 14.6 274.0 193.7 59008.1 137547.9 34537.9 

 107.0 2002 92.0 85.5 9.8 240.2 193.7 52937.2 123396.6 29447.9 

 107.0 2003 83.5 72.1 7.7 216.2 193.7 48073.9 112060.2 25051.9 

C28 111.2 2000 167.0 93.1 27.9 340.9 193.7 42717.2 99573.7 1768.2 

 111.2 2001 135.1 87.6 16.9 292.6 193.7 57413.9 133831.8 28206.7 

 111.2 2002 96.6 95.5 8.3 253.3 193.7 36951.8 86134.7 3255.9 

 111.2 2003 126.8 57.2 15.7 252.6 193.7 42161.3 98278.0 10795.0 

C29 105.6 2000 200.9 77.3 26.1 357.3 193.7 36949.8 86129.9 -5250.7 

 105.6 2001 122.9 73.4 17.7 267.0 193.7 52560.1 122517.5 26654.4 

 105.6 2002 321.4 108.4 17.1 499.9 193.7 45864.2 106909.5 -7541.8 

 105.6 2003 89.2 70.1 35.6 247.8 193.7 39530.6 92145.9 10011.3 

C30 110.3 2000 196.0 83.0 32.2 364.1 193.7 24088.2 56149.7 -27003.4 

 110.3 2001 120.4 70.3 17.1 260.6 193.7 44021.0 102612.9 12970.4 

 110.3 2002 94.9 79.6 7.4 234.8 193.7 37850.2 88228.8 6976.4 

 110.3 2003 86.2 78.9 26.3 244.3 193.7 37970.6 88509.6 6098.8 

C31 110.5 2000 183.5 106.3 29.8 372.5 193.7 46724.8 108915.4 4377.0 

 110.5 2001 266.5 70.1 18.1 407.6 193.7 63084.8 147050.6 23950.6 

 110.5 2002 152.2 71.9 7.8 284.8 193.7 48837.6 113840.3 17102.7 

 110.5 2003 121.0 75.4 8.8 258.1 193.7 46012.7 107255.6 16004.4 

C32 52.3 2000 289.7 84.9 34.7 462.3 193.7 12888.2 30042.3 -15809.4 

 52.3 2001 147.9 76.9 19.0 296.7 193.7 17720.0 41305.3 -234.3 

 52.3 2002 154.6 80.7 8.4 296.6 193.7 26427.6 61602.8 12248.8 

 52.3 2003 123.2 82.7 27.4 286.2 193.7 18898.6 44052.5 2002.4 

C34 51.2 2000 156.8 99.9 24.9 334.5 193.7 18184.7 42388.5 -958.5 

 51.2 2001 106.7 82.5 14.9 257.0 193.7 27453.5 63994.2 16289.3 

 51.2 2002 83.2 94.4 8.6 239.1 193.7 20058.6 46756.7 6610.3 

 51.2 2003 59.6 55.7 62.6 230.8 193.7    

C35 109.4 2000 158.9 116.2 20.7 348.7 193.7 36580.1 85268.2 -6928.7 

 109.4 2001 91.3 110.5 13.9 268.6 193.7 45044.7 104999.2 13973.1 

 109.4 2002 78.1 113.1 7.9 252.0 193.7 41507.4 96753.7 10721.2 

 109.4 2003 47.2 76.2 6.9 183.2 193.7    

Lint price/ kg = $1.2 

Seed price /kg = $0.1 

Total variable cost also includes cost of insurance ($20*), labor for machine operation ($27.59*), and 

labor for irrigation equipment operation ($5.35*) 

Total Fixed Cost = Machine* + Irrigation + Land* 

* Information derived from crop budget prepared by Texas A&M Agrilife Extension Service 
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Figure A.1 Variation in NDVI across different dates from May to September in 2001 in a 

50-ha field in Lamb County, TX 
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Figure A.2 Variation in NDVI across different dates from May to September in 2002 in a 

50-ha field in Lamb County, TX 
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Figure A.3 Variation in NDVI across different dates from May to September in 2003 in a 

50-ha field in Lamb County, TX 
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Figure A.4 Variation in EVI across different dates from May to September in 2001 in a 

50-ha field in Lamb County, TX 

  



Texas Tech University, Jasmine Neupane, August 2021 

114 

 

Figure A.5 Variation in EVI across different dates from May to September in 2001 in a 

50-ha field in Lamb County, TX 
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Figure A.6 Variation in EVI across different dates from May to September in 2003 in a 

50-ha field in Lamb County, TX 




