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A SPATIAL EVALUATION OF GROUNDWATER QUALITY SALINITY AND 

UNDERGROUND INJECTION CONTROLLED WELLS ACTIVITY IN TEXAS 

Kelly Marie Tomlinson, PhD 

The University of Texas at Dallas, 2019 

ABSTRACT 

Supervising Professor:  Anthony Cummings 

Uncertainty around the relationship between underground injection-controlled wells and 

groundwater quality has spurred conversations around the potential environmental and societal 

impacts oil extraction may have on potable water, soil and plant life.   The nature of the 

chemicals and disposal processes of water used within underground injection-controlled, coupled 

with advancements in oil and gas technology, have called for a closer look at how fracturing and 

flowback fluid may be affecting the environment.  In this dissertation, a spatial evaluation of the 

groundwater quality constitutes related to salinity and underground injection-controlled well 

operations was performed on the Permian Basin extents of the Ogallala aquifer during the sample 

years 2004 to 2016.   

The foundation for this research was an assessment of the spatial patterns of freely available in 

situ data on groundwater quality provided by the Texas Water Development Board and 

underground injection-controlled operations by the Texas Railroad Commission.  The goal of 

this research is to provide a regional assessment of the interactions between dynamically 

changing underground injection-controlled operations and salinity groundwater quality 
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constitutes.  Groundwater quality constitute datasets chosen for analysis underwent exploratory 

data analysis, Empirical Bayesian Kriging interpolation, and non-parametric Mann-Whitney-

Wilcoxon statistical testing to measure data variation and significance of change across the study 

area and time.  Relationships of underground injection-controlled well operations to salinity 

groundwater quality constitutes were evaluated using visual analysis and spatially constrained 

multivariate clustering. The analysis also explores the relationship of individual operational 

parameters, such as maximum fluid volume and pressure, to groundwater quality constitutes 

through cluster and outlier analysis and non-parametric Mann-Whitney-Wilcoxon testing to 

measure the magnitude of influence.  To expand beyond the use of in situ data, an investigation 

of the application of salinity, vegetation, and moisture indices derived from Landsat imagery to 

explain regional variance in Total Dissolved Solids, an overall water quality indicator, was 

performed employing regression analysis.   

The research presented in this dissertation reveals a potential link between UIC operations 

disposal wells and increased salinity concentrations within the groundwater.  Utilizing freely 

available secondary datasets, provided by the state of Texas, an assessment salinity focused 

groundwater quality constitutes and their relationship to UIC operations was explored.  Results 

indicate that the southern region, comprised mainly of disposal well activity has seen rises in 

salinity groundwater constitute concentrations across the study period. Providing a regional and 

complete view at salinity groundwater quality and UIC operations, the research in this 

dissertation serves as a guideline for developing procedures on the environmental assessment of 

salinity around UIC operations and as a tool for operators to evaluate potential risks with new 

and existing development areas.  The methods and techniques presented in this study are not 
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specific to the region.  Replicability to other basins with underground injection-controlled 

operations can be used to aide other researchers in determining localized impacts.   
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CHAPTER 1 

 

INTRODUCTION 

 

 

1.1 An Overview of Underground Injection Controlled Wells 

The Environmental Protection Agency (EPA) defines an injection well as one that places 

fluid underground into a porous geological formation.  In 1974 the EPA established the Safe 

Water Drinking Act (SWDA), an underground injection control (UIC) program for the regulation 

of subsurface injection fluids.  The act aims to protect aquifers that currently serve as a source of 

drinking water or supplies a public water system (Knape, 1984).  The SWDA categorizes 

injection wells based on operations into six classes. Of interest to this research are Class II wells 

which are those that are related to oil and gas production. UIC wells operated by the oil and gas 

industry can fall into one of three categories: disposal wells, enhanced recovery wells, or 

hydrocarbon storage wells. Except for federal regulation of hydraulic fracturing with diesel fuels, 

regulation of UIC wells primarily falls to the operating state (US EPA, OW, n.d.).   

The enhanced recovery well processes may use hydraulic fracturing, an injection of high-

pressure viscous fluid mixtures to create fissures releasing trapped oil and natural gas (Ogneva-

himmelberger & Huang, 2015).  Commercially available technology advancements in oil and gas 

drilling increased the popularity of enhanced recovery wells in operations.  Horizontal drilling, 

which became commercially available in the 1980s, allows operators to intersect reservoir rock 

on a parallel directionality exposing significantly more resources to the wellbore.  In the early 

2000s the coupling of horizontal drilling with hydraulic fracturing became prevalent within the 

industry (Helms, 2008).  The coupling allows operators to reduce the number of wells on site, 
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enhance oil and gas recovery, and decrease operating costs by using lower density drill 

mud which in turn prevents structural damage risk to the geological formation 

(Department of Energy, 2015).   

Uncertainty around the impact, both long term and short term, of UIC wells on 

groundwater quality within the socioeconomic and environmental realms has spurred 

conversation and research.  Fracturing fluid, which is used in the enhanced recovery 

process, combines water and sand with approximately 0.5% to 2% chemical additives 

such as ammonium, bisulfite, glutaraldehyde, hydrologic acid, isopropanol, 

polyacrylamide, and silica (Konkel, 2016; Vidic, Brantley, Vandenbossche, Yoxtheimer, 

& Abad, 2013).  The nature of the chemicals injected into the subsurface and the lack of 

regulation over their usage has led to concerns on whether fracturing fluids can 

contaminate freshwater supplies (Digiulio & Jackson, 2016; Myers, 2012; Osborn, 

Vengosh, Warner, & Jackson, 2011; Vidic et al., 2013).   

Flowback fluids, water returned after the injection process, have been cited for 

constituting 3% to 80% of the total amount of fluid used to fracture wells.  Disposal of flowback 

fluid can be through re-injection via disposal wells or by discharging and treating on-site at 

centralized facilities where water will commonly be re-used for future fracturing jobs (J.E. Clark 

, D.K. Bonura, 2005; Rahm, 2011).  A recent study (Konkel, 2016) estimated that approximately 

5% of oil and gas wastewater is accidentally or illegally released into the environment.   

1.2 Literature 

With increasing amounts of activity across the domestic United States, concerns over the 

influence that UIC well operations may have on groundwater quality have been raised in 



 

3 

numerous studies covering cultural, economic, and environmental impacts (Abdulaziz & 

Abdulaziz, 2014; Hildenbrand, Carlton, et al., 2016; Jackson et al., 2013; Johnston, Werder, & 

Sebastian, 2016; Ogneva-himmelberger & Huang, 2015; Willis, 2013).  Cultural and economic 

studies have overwhelmingly suggested that contamination from wastewater disposal wells have 

occurred in areas with higher proportions of poverty and minority populations, leading to 

questions of environmental injustice (Johnston et al., 2016; Ogneva-himmelberger & Huang, 

2015; Willis, 2013).   

When explicitly focusing on water quality the literature varies from examining one to 

multiple constitutes of fracturing fluid that may impact the groundwater system, e.g., Osborn and 

colleagues focus on methane in comparison to Burton and colleagues’ examination of multiple 

constitutes (Burton et al., 2016; Jackson et al., 2013; Meik & Lawing, 2017; Osborn et al., 2011).  

In the studies surrounding Marcellus and Utica shales of Pennsylvania, focus was placed on the 

abundance of stray methane. This is mostly attributed to flowback fluid disposal being 

improperly handled at treatment facilities (Jackson et al., 2013; Osborn et al., 2011).  Meik and 

Lawing (2017) found that groundwater contamination is extensive across the Barnett Shale, but 

believe that research needs to to be performed at a finer scale.  They also found that 

contamination levels will vary based on proximity to UIC operations using geographic weighted 

regression (Meik & Lawing, 2017).  Burton and colleagues, who echoed many of Meik and 

Lawing’s spatial techniques, stress a need for research on a regional scale.  Unlike Meik and 

Lawing, Burton and colleagues find that groundwater quality is not directly associated with 

proximity to UIC operations, but are potentially impacted by UIC well density (Burton et al., 

2016).  
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Johnston and colleagues showed that in southeastern Texas groundwater near disposal 

wells had higher concentrations of bromide and chloride, and that from 2008 to 2010 70% of 

wells had at least one violation, that may or may not be related to groundwater (Johnston et al., 

2016).  Hildenbrand and colleagues assessed groundwater quality in the eastern shelf of the 

Permian Basin by sampling private water wells during multiple time points of increasing UIC 

activity between 2012 to 2014.  The authors found that while their research did not provide a 

definitive link between variation in groundwater quality and increasing activity, rises in total 

organic carbon, ethanol, bromide, dichloromethane, and other volatile organic compounds were 

apparent.  The authors speculate that the most likely mechanism for contamination may be linked 

to the degradation of the well casing (Hildenbrand, Carlton, et al., 2016).  The creation of 

migration pathways created from the enhanced recovery process in combination with cement 

casing failure and inadequately sealed channels has been brought up by other authors Myers 

(2012) and Vidic et al. (2013) as pathways for fracturing and flowback fluid to infiltrate the 

groundwater system (Myers, 2012; Vidic et al., 2013).    

Rahm (2011) and Davis (2012) share a concern for lack of oversight on enhanced 

recovery operations from the Texas State Regulatory.  In comparison to Pennsylvania and New 

York, Texas has few guidelines or requirements on procedures like environmental reviews or 

limiting impacted of enhanced recovery operations on wildlife and biodiversity (Davis, 2012; 

Rahm, 2011).  Nicot and Scanlon (2012) also voice concern over lacking regulation on the 

composition of fracturing fluid and a lack of reporting on production water data (Nicot & 

Scanlon, 2012).   
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Table 1.1. Reported cases of groundwater contamination in the United States 

 
Location Year Findings Reference 

Dish, Texas  

Barnett Shale 

2010 A high percentage of households with 

detectable levels of toluene and xylene 

in their urine. 

(Rahm, 2011) 

Clearfield County, 

Pennsylvania  

2010 EOG Resources company well blowout 

discharging 35,000 gallons of 

fracturing fluid into a state forest. 

(Rahm, 2011) 

Pavilion, Wyoming 2009 EPA reports that drinking water wells 

have been contaminated by chemicals 

often found in fracturing fluid.  

Community history of miscarriages, 

rare cancers, and central nervous 

system disorders.   

(Digiulio & Jackson, 

2016) 

Caddo Parrish, 

Louisiana 

2009 Cattle found dead near a drilling site, 

linked to fracturing fluid runoff into an 

adjacent pasture. 

(Rahm, 2011) 

Southwest Pennsylvania 2008 Army Corps of Engineers finds 

Monogahal river with high salt content 

levels, citation of the Marcellus Shale. 

(Rahm, 2011) 

Hopewell Township, 

Pennsylvania 

2009 Fracturing fluid spill into water bodies 

resulted in a large-scale fish and 

amphibian kill.  

(Rahm, 2011) 

 

The research on groundwater contamination from UIC well operations thus far is 

generally fixated around one major type impact such as seismicity, social injustice, or 

groundwater viability and fails to assess the broader picture.  After years of rapidly expanding 

activity, impacts of UIC well operations are beginning to be perceived on the environment.  The 

impacts range from increased concentrations of chemicals in drinking water supplies, salt-

stricken soils, to the creation of new migration pathways.  While preceding concerns surrounding 

fracturing fluids composition have been identified in the literature (Hildenbrand, Carlton, et al., 

2016; Jackson et al., 2013; Konkel, 2016; Mclin, 1986; Meik & Lawing, 2017; Myers, 2012; 

Osborn et al., 2011; Willis, 2013), most data on studying distribution of contamination have been 

completed using in situ data.    
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1.3 Study Area 

1.3.1 Ogallala Aquifer, Texas High Plains 

Stretching from Texas to South Dakota, the Ogallala aquifer is one of the largest in the 

United States.  This research will focus on the section of the aquifer within the high plains area 

of Texas.  Mainly composed of gravel, clay, and silt deposited during the Tertiary period 

permeability through the aquifer is generally slow (George, Ph, & Mace, 2011; Guttentag, Edwin 

D., Heimes, Frederick J., Krothe, Noel C., Luckey, Richard R., Weeks, 1984).  Decreasing in 

thickness from the southern to northern sections, a maximum thickness of 800 feet and a 

saturated freshwater thickness of 95 feet is present.  Recharge primarily is driven by surface 

precipitation and minimal upward leakage from lower formations (George et al., 2011).  

Approximately one percent of annual precipitation reaches the water table due to minimal 

rainfall, high evaporation rates, and slow infiltration rates (George et al., 2011). 

Although the aquifer is mainly freshwater, increased concentrations of dissolved solids 

and chlorides are found in the northern and southern section.  Within the southern section, high 

concentrations of selenium and fluoride that exceed drinking water standards are found and 

attributed to the mixing of water from the lower Cretaceous aquifers (George et al., 2011).   
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Figure 1.1. Ogallala aquifer coverage in the High Plains of Texas  

1.3.2 Permian Basin 

A renaissance in oil and gas technology has made the United States one of the world’s 

largest producers of oil and natural gas.  Texas has the largest oil and gas reserves in the United 

States (Department of Energy, 2015).  With five major oil and gas formations (Barnett Shale, 

Eagle Ford Shale, Haynesville Shale, Granite Wash, and Permian Basin) Texas is set to continue 

to host a plethora of drilling activities for years to come.   
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 The Permian Basin is one of the most attractive drilling regions within North America.  

The Permian is split into two sub-basins within the Ogallala aquifer bounds, the Midland Basin 

and the Central Basin. Geologically variable by location and zone, the Midland Basin is 

comprised of formations of laminated siltstones and sandstones deposited by sub-aqueous deltas.  

An uplifted basement block capped by a carbonate platform, the Central Basin formations are 

mainly comprised of carbonate reefs or shallow marine clastic deposits (Galley, Bartram, Hills, 

Jones, & Lloyd, n.d.).   

Deemed a “Super Basin” by IHS Markit, an industry leader on oil and gas data 

informatics, the Permian Basin saw a transformation with the use of horizontal drilling in 2012.  

The Permian Basin is forecasted by IHS Markit to produce 5.4 million barrels per day by 2023 

(“New IHS Markit Outlook – ‘Stunning’ Permian Basin Oil Production to More than Double 

from 2017-2023, Exceeding Expectations | IHS Markit Online Newsroom,” 2018).   

1.3.3 Permian Basin Regulation 

The Permian Basin Underground Water Conservation District (UWCD) develops, 

promotes, and implements management strategies for the protection and prevention of waste of 

local groundwater resources.  Board members to the UWCD are elected officials who develop, 

interpret, and enforce the rules developed for groundwater use.  The Permian Basin is mainly 

within Groundwater Management Area (GMA) 2, while the southern tip stretches into GMA 7.  

GMA 2 includes the Groundwater Conservation Districts (GCD) Garza County, High Plains, 

Llano Estacado, Mesa, Permian Basin, Sandy Land, and South Plains.   
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Figure 1.2. Permian Basin extents within the Ogallala aquifer, Texas 

 

The Texas Railroad Commission (TXRRC) regulates oil and gas operations within the 

state of Texas including exploration, production, and transportation.  With a wide mandate 

covering protection of natural resources, pollution prevention, interest owner protection, and well 

operations safety, the TXRRC is an extensive regulatory entity.   

In 2012, the TXRRC established the Hydraulic Fracturing Disclosure Rule (Statewide 

Rule 29, Texas Administrative Code, Title 16, Part 1, § 3.29) which requires regulates to disclose 
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chemical additives used within fracturing fluids to FracFocus, a public internet chemical registry 

(Texas Register, 2012). Further governance on oil, gas, and geothermal operations can be found 

in Title 3 of the Texas Natural Resources Code, Chapter 27 of the Texas Water Code, and the 

TXRRC statewide rules for oil, gas, and geothermal operations requirements (Rules 9, 46, 81, 

95, 96,and 97)(Texas, n.d.).   

1.4 Research Presented 

While the TXRRC demonstrates an extensive list of regulatory oversight, previous 

studies are still questioning if the impact of UIC operations has been adequately evaluated 

(Burton et al., 2016; Hildenbrand, Carlton, et al., 2016; Meik & Lawing, 2017; Rahm, 2011).  

Given the importance of the oil and gas industry to Texas, and that new technology is likely to 

arrive in the coming years, this dissertation begins to address the concerns of measuring the long-

term impacts on the region’s groundwater quality and the potential environmental and societal 

impacts.  This process starts by asking the questions: How do we quantify impact? What datasets 

are freely available and are they useful? Are there more effective ways to measure salinity 

variation than using in-situ data? 

To guide this research, an investigation will focus on three primary research objectives 

measuring the impact and relationship of UIC operations on groundwater quality salinity within 

the Permian Basin extents of the Ogallala aquifer.  

1. Assesment of the state and spatial patterns of existing in situ groundwater quality 

salinity constitute data 

2. Understanding of the relationship between UIC operational parameters and 

groundwater quality salinity constitutes 
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3. Evaluation of the use of spectral indices to predict soil salinity 

The format of this dissertation divides each research objective into individual chapters.  

Respectively each analysis has individual methods, results, and discussion.  

These analyses build upon each other to offer a comprehensive study. Within the first analysis, a 

baseline understanding of the variations in salinity as depicted in the chosen groundwater quality 

constitutes is derived. Using statistical analysis, the research examines if a significant change of 

each groundwater constitute has occurred across the study period and where it has occurred.  

With the baseline data on salinity groundwater constitutes, the second analysis investigates the 

relationships between the constitutes and UIC operations.  By examining the salinity 

groundwater quality constitutes independently and in relation to UIC operations, a clearer 

understanding of the environmental interactions can be drawn. The third analysis addresses the 

concern of using only freely available in-situ data.  When taken collectively, the three chapters 

present an overview of how injection wells may have impacted Texas water quality, providing an 

unprecedented analysis of the impacts of drilling activity at the regional level.   
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CHAPTER 2 

 

EXPLORING SPATIOTEMPORAL TRENDS OF REGIONAL IN SITU  

GROUNDWATER QUALITY DATA 

 

 

2.1 Chapter Overview and Objective 

Research presented in this chapter will examine the relationship between salinity focused 

groundwater quality constitutes and UIC operations in the Permian Basin extents of the Ogallala 

Aquifer.  This chapter seeks to use existing in situ groundwater quality data collected from the 

TXWDB groundwater database to explore trends in water quality and establish a baseline 

understanding of the data.  Collected constitute data on water quality from the TXWDB will be 

evaluated using exploratory data analysis, interpolated into regional prediction surfaces, and 

tested for significant changes between the sample years 2004 and 2016.   

To develop a foundation for this work, insight into the state and spatial patterns of 

existing in situ groundwater quality data within the study area must be addressed. One main 

objective will drive this analysis, a qualitative and quantitative analysis of salinity focused 

groundwater constitutes trends over space and time.  Accompanying this objective, one 

hypothesis statement is used to mold the directionality of this chapter: 

The groundwater constitutes concentration and distribution will increase across the 

Permian Basin portion of the Ogallala Aquifer between 2004 and 2016. 

2.2 Groundwater Quality Dataset 

The TXWDB periodically samples water quality data from approximately 22,118 water 

wells across the Permian Basin within the Ogallala Aquifer. Significant sampling efforts are 
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performed every four years (Boghici, 2003); this study will examine data from the years 2004, 

2008, 2012, and 2016 to determine how groundwater quality constitutes have fluctuated.  The 

chosen study period reflects a period where UIC operations have changed in frequency and 

methodology, moving from traditional vertical to horizontal drilling techniques (“New IHS 

Markit Outlook – ‘Stunning’ Permian Basin Oil Production to More than Double from 2017-

2023, Exceeding Expectations | IHS Markit Online Newsroom,” 2018).   

2.2.1 Groundwater Constitutes 

During the sampling process, TXWDB measures for approximately 109 groundwater 

constitute variables.  For this study five groundwater constitutes that are salinity indicators and 

related to oil and gas injection operations were chosen for analysis: Barium, Bromide, Chloride, 

Sodium, and TDS.  Also, the reference constitute pH was examined to alert the study to changes 

of aqueous solutions acidity/basicity. The TXWDB provides details on each constitute and any 

established concentration standards; these have been summarized in Table 2.1.  

Groundwater constitutes were chosen based on the literature and UIC operations(Digiulio 

& Jackson, 2016; Hildenbrand, Carlton, et al., 2016; Jackson et al., 2013; Meik & Lawing, 

2017).  Chemical constitutes are commonly added to injection fluids to improve operational 

efficiency and may contain elements that can have adverse effects on the physical environment 

and human populations.  During the disposal process, brine from surrounding formations pulled 

back up in flowback fluid is re-injected into the aquifer (Konkel, 2016).   
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Table 2.1. Texas Water Development Board groundwater constitutes descriptions summary 

(Descriptions of Common Ground Water Constituents Constituents and Sources Significance, 

n.d.) 

 
Groundwater 

Constitute 

Description Established Concentration Standard 

Barium (ug/l) Naturally occurring in igneous and sandstone rocks.  

Component of drilling muds, high concentrations 

may occur in oil fields and brines.  

High levels of ingestion can cause organ damage 

and circulatory issues.  

Primary standard of 2,000 ug/l 

Bromide 

Dissolved 

(mg/LasBr) 

Extracted commercially from seawater and brines. 

Primary sources are from sodium, potassium, and 

magnesium bromide salts found in sedimentary 

rocks.   

No Standard Established 

Chloride 

Dissolved 

(mg/LasCl) 

Dissolved mainly from halite.  Present in sewage, 

oil-field brines, industrial effluent, and seawater. 

Secondary Standard of 300 mg/l 

 

If levels exceed 100 mg/l and are 

combined with sodium, drinking water 

will taste salty and be potentially more 

corrosive.  

pH Representative of the aqueous acidity/basicity.   Secondary Standard Range 6.5 to 8.5 

Sodium 

Dissolved 

(mg/LasNA) 

Dissolved from feldspars, clay, halite, and evaporite 

minerals. 

No Standard Established 

Total Dissolved 

Solids (mg/l) 

A general indicator of water quality.   

The approximate total amount of mineral 

constitutes dissolved from rocks and solids.  

Secondary Standard of 1,000 mg/l 

 

TDS Water Classification 

1,000 mg/l or less fresh water   

1,001 – 3,000 mg/l slightly saline 

3,001 – 10,000 mg/l moderately saline 

10,001 – 35,000 mg/l very saline   

35,000 mg/l or greater are brines 

2.2.2 Data Collection and Review 

The TXWDB groundwater database is open access and contains information on water 

wells, springs, oil and gas tests, water levels, and water quality.  Obtained through the Water 

Quality by Aquifer research query, information on the study area groundwater constitutes 

concentration values were sourced for each sample year.  Downloaded queries were received and 

formatted in Excel to meet data analysis requirements for use in the geospatial software ArcGIS 

Pro by ESRI. Within ArcGIS Pro, formatted groundwater constitutes data tables were reviewed 
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for transfer errors and converted into XY feature classes based on the well location attribute.  All 

data received and processed was stored inside a file geodatabase set to the North American 

Datum 1927 State Plane North Texas Central coordinate system.      

Regarding data accuracy, the TXWDB groundwater database provides ample metadata of 

how groundwater constitutes were measured and reported, including attribute information 

dictation if the sample is reliable, has undergone water quality review, and how it was sourced 

(field sampled, historical record or driller reported).  Further information on the explanation of 

the groundwater database is found on the TXWDB website at 

http://www.twdb.texas.gov/groundwater/faq/faqgwdb.asp  

The number of records existing for groundwater quality within the study area has 

significantly decreased from 2004 to 2016 by approximately 74% (Table 2.2).  The data readily 

accessible is a representation of ongoing collection efforts; TXWDB estimates that the water 

well data within the database represents approximately 10% of the existing infrastructure (Texas 

Water Development Board, n.d.).  Although the volume of records decreases over the study 

period, the spatial distribution remains adequate for assessment.   

Table 2.2. Texas Water Development Board groundwater database groundwater constitutes 

records count 

 
Groundwater 

Constitute  

Records 2004  Records 2008  Records 2012  Records 2016  

Barium (ug/l)  197  173  87  51  

Bromide Dissolved 

(mg/LasBr)  

197  172  87  51  

Chloride Dissolved 

(mg/LasCl)  

197  173  85  51  

pH  197  173  87  51  

Sodium Dissolved 

(mg/LasNA)  

197  173  85  51  

Total Dissolved Solids 

(mg/L) 

203  173  87  51  

http://www.twdb.texas.gov/groundwater/faq/faqgwdb.asp
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2.3 Methodology 

2.3.1 Exploratory Data Analysis  

To gain an initial insight into the patterns of the groundwater constitute datasets, 

exploratory data analysis (EDA) techniques were employed.  Groundwater constitutes level 

trends were obtained by plotting annual minimum, maximum, and mean values over the sample 

years. 

Analysis of the structure of the groundwater constitutes datasets was performed in the 

software R studio, version 1.1456.  Groundwater constitute datasets were assessed for outliers 

and visualized in boxplots and histograms to analyze distribution.  The Shapiro-Wilk normality 

test was performed on pre and post outlier removal, comparing the distributions with an expected 

normal distribution at a 95% confidence interval.     

Spatial autocorrelation of the corrected groundwater datasets was measured in the 

software package ArcGIS Pro using the Global Moran’s I statistic.  Testing was performed with 

a 95% confidence interval with the null hypothesis that groundwater constitutes datasets exhibit 

no spatial autocorrelation, where Moran’s I equal zero.   The alternative hypothesis is 

groundwater constitutes exhibits spatial autocorrelation.   

2.3.2 Groundwater Constitute Interpolation 

To achieve a more complete view of how groundwater constitute concentration values 

vary over the study area, interpolation surfaces were derived.  Interpolation methods are divided 

into two major types: deterministic and geostatistical.  In past studies by Burton and colleagues, 

the deterministic method of Radial Basis Function (RBF), which creates a surface from measured 
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points based on a degree of smoothing, was used on groundwater quality constitutes.  Widely 

used in groundwater studies, RBF deterministic interpolation does not take into account spatial 

autocorrelation or any statistical properties of the dataset (Burton et al., 2016; Environmental 

Systems Research Institute (ESRI), 2018).   

Empirical Bayesian Kriging (EBK) uses multiple simulations to estimate the 

semivariogram model to account for error and assumes that spatial autocorrelation exists within 

the dataset (Environmental Systems Research Institute (ESRI), 2018).  Prior to interpolation, if 

the assumptions of datasets normality were not met, a new field was created and populated 

within the groundwater constitute dataset representing the logarithmic value of the concentration 

value field.   

The ArcGIS Pro Geostatistical Wizard was used to optimize the models of groundwater 

constitute datasets to generate the EBK geostatistical prediction surfaces.  No additional 

transformations were applied during the modeling process. To balance both performance and 

accuracy the semivariogram power was set to 100 simulations.  Cross-validation was performed 

on all generated EBK prediction surfaces to assure goodness of fit.  Final EBK prediction 

surfaces for groundwater constitutes were back-transformed to rasters reflecting their 

concentrations in original measured values units.  Performing a visual and observation-based 

inspection, generated EBK groundwater constitute surfaces were assessed for variation between 

the sample years.   

2.3.3 Evaluation of Groundwater Constitute Concentration Change 

To obtain an overall metric of how groundwater constitutes concentrations have 

fluctuated over the sample period, change rasters and significance change measurements were 
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conducted.  Within ArcGIS Pro change rasters were generated for each groundwater constitute 

by subtracting the EBK groundwater constitute surfaces for the sample year 2004 from 2016.   

To measure if a significant change in groundwater constitutes values occurred between 

2004 and 2016, the non-parametric Mann-Whitney-Wilcoxon test was applied, testing to see if 

there is a systematic difference between populations.  The test assumes that these populations are 

independent and do not follow a normal distribution. The interpretation of the population's 

distribution shape and spread determines if the test is detecting significant differences in the 

medians or if there is a systematic difference in the values of the populations (Mangiafico, 2016).  

Assessment of concentration change significance was performed on both a regional level 

and well site-specific level. Regional assessment sampled from 1,000 random points across the 

study area. Well site-specific assessment sampled from well locations active from 2004 through 

2016 (Figure 2.1).  All locations were sourced from the TXRRC.  Groundwater constitutes 

concentration values were extracted for each sample year at each assessment sample point.  

Within the R studio software, the Mann-Whitney-Wilcoxon test was performed to compare the 

following populations: 2004 versus 2008, 2008 versus 2012, 2012 versus 2016, and 2004 versus 

2016.  Analyzing for both incremental change and change across the study period.   

2.4 Results 

2.4.1 Exploratory Data Analysis – Groundwater Constitute Level Trends 

Plots of the annual minimum, maximum, and mean values of groundwater constitutes 

from 2000 to 2016 reveal similar patterns of variation in annual maximum values across the 

datasets, except for pH (Figure 2.2).  Annual maximum values for Barium, Bromide, Chloride, 
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Sodium, and TDS show spikes in 2004, 2008, and an increasing trend beginning in 2012.  

Groundwater constitutes annual minimums show little variance.  Of the constitutes TDS exhibits 

the greatest flux with an annual minimum slope of 2.23; a slight spike can be seen in 2003.  

Annual mean slopes show slightly more variation than the annual minimums. In Chloride, 

Sodium, and TDS positive slope indicates that concentrations are increasing across the sample 

period. 

Table 2.3. Groundwater constitutes annual maximum, minimum, and mean slopes values 

Groundwater Constitute Annual Maximum Slope Annual Minimum Slope Annual Mean Slope 

Barium -69.72 -0.0271 0.022 

Bromide 0.23 0.00 0.036 

Chloride 59.02 0.56 6.04 

pH -0.04 -0.02 0 

Sodium 19.14 -0.76 2.80 

Total Dissolved Solids 157.35 2.23 22.21 
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Figure 2.1. Regional and Well Site-Specific sample datasets spatial distribution
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Figure 2.2. Groundwater constitutes plots annual minimum, maximum, and mean values for 

2000 to 2016 
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Barium, Bromide, and TDS groundwaters constitutes show shifts to normal distributions during 

the study period in 2016.  The groundwater constitute pH displays normal distribution for all 

sample years; this is expected due to its logarithmic value scale.  Fluctuations in mean values 

regionally across the groundwater constitute datasets are minor.  
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Figure 2.3. Outlier check and histogram visualization of groundwater constitute datasets 
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Table 2.4. Outlier and normality analysis statistics of groundwater constitute datasets. Asterisk 

(*) denotes significant p-value. 

 
Dataset Outliers 

Identified 

Proportion 

(%) of 

outliers 

Mean of 

Outliers 

Mean without 

removing 

outliers 

Mean 

removing 

outliers 

Shapiro Wilks 

Test Outliers 

Removed             

(p-value) 

Barium 2004 17 8.62 153.68 48.39 35.45 .0001* 

Barium 2008 13 7.51 163.16 46.83 37.38 .0001* 

Barium 2012 7 8.05 179.74 47.72 36.17 .0039* 

Barium 2016 7 13.72 132.27 49.04 35.80 .0541 

Bromide 2004 11 5.58 7.36 1.92 1.60 .0001* 

Bromide 2008 16 9.30 7.93 2.89 2.37 .0001* 

Bromide 2012 6 6.89 5.66 1.61 1.31 .0001* 

Bromide 2016 8 15.69 4.73 1.59 1.00 .196 

Chloride 2004 7 3.55 1118.71 290.45 259.93 .0001* 

Chloride 2008 9 5.20 1497.11 319.43 254.80 .0001* 

Chloride 2012 3 3.52 902 254.31 230.61 .0001* 

Chloride 2016 3 5.88 1103.33 266.89 214.61 .0009* 

pH 2004 4 2.03 6.55 7.27 7.29 .298 

pH 2008 0 0 N/A 7.19 7.19 .365 

pH 2012 1 1.16 7.95 7.31 7.34 .7768 

pH 2016 1 1.96 6.53 7.16 7.17 .3789 

Sodium 2004 12 6.09 645 169.54 138.70 .0001* 

Sodium 2008 14 8.09 652.85 170.46 127.98 .0001* 

Sodium 2012 6 7.05 515 149.18 121.39 .0001* 

Sodium 2016 5 9.80 481.8 144.67 108.03 .0011* 

TDS 2004 11 5.41 3669.09 1227.24 1086.02 .0001* 

TDS 2008 13 7.51 4324.38 1376.92 1137.44 .0001* 

TDS2012 6 6.89 3291.33 1147.67 988.88 .0001* 

TDS 2016 5 9.80 3288.36 1144.53 911.51 .1136 

 



 

31 

2.4.3 Exploratory Data Analysis – Spatial Autocorrelation 

Groundwater constitute datasets were tested for spatial autocorrelation using the Global 

Moran’s I statistic at a 95% confidence interval (p ≤ 0.05).  In 2004 all groundwater constitute 

datasets are significantly clustered.  This clustered pattern continues into 2008, except for 

Barium.  Given the z-score of 1.84, there is a less than 10% chance that the indicated clustered 

pattern is the result of random chance.  The associated p-value of 0.0658 falls out of the 95% 

confidence interval. Therefore, the null hypothesis that spatial autocorrelation does not exist is 

accepted.  In 2012, all groundwater constitutes p-values fall outside of the 95% confidence 

interval. Therefore, the null hypothesis that spatial autocorrelation does not exist is accepted.  

Into 2016, Bromide, Chloride, Sodium, and TDS continue to present no apparent spatial 

autocorrelation within the datasets.  Barium and pH both display p-values under 0.05 indicating 

clustered patterns (Table 2.5).   

2.4.4 Groundwater Constitute Interpolation Results 

Interpolation using EBK methodology allowed for the creation of prediction surfaces to 

estimate groundwater constitutes concentration regionally. Overall, EBK prediction surfaces 

showed relatively small Continuous Ranked Probability Scores (CPRS) indicating a low 

deviation between the predictive cumulative distribution function to each observed data value.    

Cross-validation confidence intervals of 90% and 95% are relatively close to the expected 

signifying that standard errors are not being over or underestimated.  Additionally, the mean of 

prediction surfaces does not show bias as values are close to zero.  With values close to one, the 

Root Mean Square Error Standardized shows little variance with the Root Mean Square Error, 
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while the Average Standard Error indicates that predicted data fits measured data relatively well. 

(Table 2.6).   

Table 2.5. Groundwater constitute datasets spatial autocorrelation global Moran’s I.  Spatial 

autocorrelation tested at a 95% confidence interval (p-value ≤ 0.05). Asterisk (*) denotes 

significant p-value. 

 
Groundwater 

Constitute 

Year Moran’s I Expected 

Index 

Variance Z-Score P-Value Pattern 

Based on 

Z-Score 

Barium 2004 0.1324 -0.0051 0.0039 2.2111 0.0270* Clustered 

2008 0.3710 -0.0058 0.0419 1.8399 0.0658 Clustered 

2012 0.1878 -0.0116 0.0119 1.8233 0.0682 Clustered 

2016 0.2717 -0.0200 0.0138 2.4860 0.0129* Clustered 

Bromide 2004 0.1727 -0.0051 0.0040 2.8018 0.0050* Clustered 

2008 1.7819 -0.0058 0.0444 8.4793 0.0000* Clustered 

2012 0.1844 -0.0116 0.0148 1.6071 0.1080 Random 

2016 0.0436 -0.0200 0.0092 0.6636 0.5069 Random 

Chloride 2004 0.1829 -0.0051 0.0041 2.9437 0.0032* Clustered 

2008 1.8353 -0.0058 0.0436 8.8209 0.0000* Clustered 

2012 0.1587 -0.0119 0.0161 1.3437 0.1790 Random 

2016 0.0454 -0.0200 0.0109 0.6239 0.532* Random 

pH 2004 0.2841 -0.0051 0.0041 4.4932 0.0000* Clustered 

2008 0.7843 -0.0058 0.0469 3.6489 0.0003* Clustered 

2012 0.1359 -0.0118 0.0114 1.3855 0.1658 Random 

2016 0.2749 -0.0200 0.0150 2.4083 0.0160* Clustered 

Sodium 2004 0.1991 -0.0051 0.0039 3.2721 0.0011* Clustered 

2008 2.5983 -0.0058 0.0396 13.078 0.0000* Clustered 

2012 0.1964 -0.0119 0.0154 1.6773 0.0934 Clustered 

2016 0.1379 -0.0200 0.0109 1.5147 0.1298 Random 

TDS 2004 0.1713 -0.0049 0.0056 2.3626 0.0181* Clustered 

2008 2.1982 -0.0058 0.0437 10.535 0.0000* Clustered 

2012 0.1389 -0.0116 0.0147 1.2418 0.2143 Random 

2016 0.0639 -0.0200 0.0112 0.7901 0.4294 Random 
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Table 2.6. Empirical Bayesian Kriging results 

Constitute  Year  Count  Average 

CPRS  

Inside 

90%   

Inside 

95%  

Mean  Root 

Mean 

Square  

Mean 

Standardized  

Root Mean 

Square 

Standardized  

Average 

Standard 

Error  

Barium 2004  197  0.3112  89.84  94.42  -0.0040  0.5749  -0.0056  0.9705  0.5821  

2008  173  0.2273  92.49  94.22  -0.0140  0.4775  -0.0276  0.9283  0.4455  

2012  87  0.3459  90.80  93.10  -0.0044  0.6299  -0.0096  0.9941  0.6290  

2016  51  0.3236  94.12  94.12  -0.0172  0.5805  -0.0139  0.9844  0.5926  

Bromide 2004  197  0.4329  88.83  93.91  -0.0102  0.7774  -0.0108  0.9892  0.7871  

2008  172  0.3821  90.12  94.19  0.0441  0.8569  0.0429  1.0547  0.7019  

2012  87  0.4967  91.95  96.55  0.0138  0.8721  0.0146  0.9906  0.8806  

2016  51  0.4766  92.16  94.11  0.0249  0.8510  0.0196  0.9966  0.8578  

Chloride 2004  197  0.4454  91.87  94.91  -0.0077  0.7868  -0.0102  0.9914  0.7941  

2008  173  0.3501  93.06  95.95  0.0103  .07124  0.0092  0.8886  0.6991  

2012  85  0.4833  92.94  97.64  0.0079  0.8420  0.0079  0.9889  0.8504  

2016  51  0.5278  90.19  96.07  0.0201  0.9336  0.0122  0.9958  0.9347  

pH 2004  197  0.0987  92.39  94.92  -0.0011  0.1812  -0.0079  0.9761  0.1819  

2008  173  0.0748  88.44  94.21  0.0067  0.1524  0.0378  0.9395  0.1406  

2012  86  0.1122  89.56  94.18  0.0030  0.1998  0.0149  0.9882  0.2027  

2016  51  0.0924  92.16  96.08  0.0013  0.1647  0.0011  0.9801  0.1702  

Sodium 2004  197  0.3318  92.38  92.89  -0.0046  0.6142  -0.0074  0.9984  0.6193  

2008  173  0.2506  94.21  95.95  0.0099  0.5246  0.0141  0.8176  0.5437  

2012  85  0.3715  89.41  92.94  0.0001  0.6779  0.0019  0.9952  0.6799  

2016  51  0.3621  90.19  96.07  0.0204  0.6610  0.0159  1.0024  0.6551  

TDS 2004  197  0.2542  93.59  96.06  -0.0012  0.4631  0.0015  0.9480  0.4769  

2008  173  0.2088  92.22  95.95  0.0101  0.4112  0.0170  0.9011  0.4376  

2012  87  0.3036  89.66  94.25  0.0102  0.5376  0.0189  0.9965  0.5376  

2016  51  0.3042  92.16  96.08  0.0190  0.5491  0.0244  0.9958  0.5528  

 

In a yearly visual analysis, prediction surfaces created for Barium from 2004, 2008, and 

2016 show a mostly homogenous surface across the study area averaging in the mid-30s ug/l.  In 

2012, a spike in concentrations along the study area boundaries was present (Figure 2.4).  

Bromide concentrations in 2004 are on the higher side in the southern section of the study area 

and continue a steady increase into 2008, spiking in the east-central region.  In 2012, Bromide 

concentrations sharply decreased and stayed mostly homogenous into 2016 (Figure 2.5).  

Chloride, TDS, and Sodium concentrations mimic the same fluctuation patterns from 2004 to 

2016.  Constitutes are displaying high values in the southern to central sections of the study area 
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from 2004 to 2008 becoming more homogenous from 2012 to 2016 (Figures 2.6, 2.8, and 2.9).  

Water within the southern region of the study area may taste salty and potentially be corrosive 

due to Chloride concentrations  reaching above the primary and secondary established standards 

(100 mg/l and 300 mg/l) and TDS concentrations falling within the slightly to moderately saline 

range (1,000 to 10,000 mg/l)  or brackish water (George et al., 2011).  Values of pH stay within 

the secondary established standard range of 6.5 to 8.5 during the study period, but a decrease in 

pH values can be observed in 2008 to the south and 2016 to the southeast and north-central 

regions (Figure 2.7).   
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Figure 2.4. Empirical Bayesian Kriging (EBK) yearly analysis of groundwater constitute Barium concentrations change 
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Figure 2.5. Empirical Bayesian Kriging (EBK) yearly analysis of groundwater constitute Bromide concentrations change 
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Figure 2.6. Empirical Bayesian Kriging (EBK) yearly analysis of groundwater constitute Chloride concentrations change 
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Figure 2.7. Empirical Bayesian Kriging (EBK) yearly analysis of groundwater constitute pH concentrations change 
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Figure 2.8. Empirical Bayesian Kriging (EBK) yearly analysis of groundwater constitute Sodium concentrations change 
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Figure 2.9. Empirical Bayesian Kriging (EBK) yearly analysis of groundwater constitute TDS concentrations change
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2.4.5 Groundwater Constitute Concentration Change 

Change surfaces generated for each groundwater constitute represent the degree of 

change over the study period.  Visual interpretation of these change surfaces can infer that across 

the study area Bromide, Chloride, and TDS show increasing concentrations along the boundaries 

and northern/southern regions (Figures 2.10 – 2.12).  Additionally, it can be observed that these 

constitutes share similar patterns of change across the study area, along with Sodium which 

exhibits change on a less intense scale.  Barium concentrations show increasing concentrations 

along the southeastern border and to some degree in the far north of the study area, while 

decreases are noted in other all regions.  Concentrations of Barium stay within the established 

standard of less than 2,000 ug/L.  Values of pH are shown to increase in the southeast and along 

the northern border of the study area while decreasing across the remainder of the region.  

Fluctuation in the change of pH values is minor, spanning from -0.54 to .18, keeping pH values 

within the secondary standard established of 6.5 to 8.5.   
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Figure 2.10. Groundwater constitutes Barium (top) and Bromide (bottom) overall concentration 

change. The sample year 2016 minus 2004.   
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Figure 2.11. Groundwater constitutes Chloride (top) and pH (bottom) overall concentration 

change. The sample year 2016 minus 2004.   
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Figure 2.12. Groundwater constitutes Sodium (top) and TDS (bottom) overall concentration 

change. The sample year 2016 minus 2004.   

 

A regional assessment of concentration change was performed using 1,000 random 

sample locations generated across the study area (Figure 2.1).  Using two-tailed non-parametric 

Mann-Whitney-Wilcoxon test values of groundwater constitutes extracted from 2004, 2008, 

2012, and 2016, EBK groundwater constitute surfaces were measured for significant change 

incrementally between sample years and over the full study period, 2004 versus 2016.  Boxplots 
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of the regional assessment groundwater constitute concentration distributions were created to aid 

in interpretation.  Generated boxplots include the notch, a test that displays a 95% confidence 

interval around the median.  If the two boxplot notches do not overlap, there is evidence that 

their medians differ.  
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Figure 2.13. Regional groundwater constitutes distribution boxplots.  Delta (Δ) between sample years indicates 95% confidence 

interval notches do not overlap.   Diamond (◊) in right hand graph corner indicates years 2004 and 2016 95% confidence interval 

notches do not overlap. 
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Table 2.7. Regional assessment of groundwater constitutes concentration change 2004 to 2016. 

Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Median Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2004 19.39 104.58 40.11 11.36 .357 

Barium 2016 22.12 119.09 42.96 16.86 

Bromide 2004 .091 3.662 1.510 .739 <.0001* 

Bromide 2016 .308 2.218 1.131 .335 

Chloride 2004 13.98 546.61 222.66 109.86 <.0001* 

Chloride 2016 34.17 297.35 189.68 54.79 

pH 2004 7.01 7.48 7.28 .102 <.0001* 

pH 2016 6.75 7.37 7.15 .126 

Sodium 2004 23.616 327.118 137.59 58.69 <.0001* 

Sodium 2016 18.29 337.37 116.73 46.31 

TDS 2004 335.52 2198.20 1111.86 390.27 <.0001* 

TDS 2016 452.62 1491.89 993.037 175.07 
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Table 2.8. Regional assessment of groundwater constitutes concentration change 2008 to 2004. 

Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Median Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2004 19.39 104.58 40.11 11.36 .001* 

Barium 2008 21.012 158.440 38.792 12.683 

Bromide 2004 .091 3.662 1.510 .739 <.0001* 

Bromide 2008 0.171 5.288 2.461 1.103 

Chloride 2004 13.98 546.61 222.66 109.86 0.107 

Chloride 2008 32.209 909.647 238.579 110.521 

pH 2004 7.01 7.48 7.28 .102 <.0001* 

pH 2008 6.728 7.568 7.197 0.153 

Sodium 2004 23.616 327.118 137.59 58.69 .961 

Sodium 2008 30.848 370.283 140.574 59.188 

TDS 2004 335.52 2198.20 1111.86 390.27 <.0001* 

TDS 2008 501.972 2728.233 1251.909 420.157 
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Table 2.9. Regional assessment of groundwater constitutes concentration change 2008 to 2012. 

Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Median Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2008 21.012 158.440 38.792 12.683 .309 

Barium 2012 25.726 73.604 37.265 5.671 

Bromide 2008 0.171 5.288 2.461 1.103 <.0001* 

Bromide 2012 0.588 1.650 1.168 0.255 

Chloride 2008 32.209 909.647 238.579 110.521 <.0001* 

Chloride 2012 90.485 267.149 190.068 44.597 

pH 2008 6.728 7.568 7.197 0.153 <.0001* 

pH 2012 7.240 7.454 7.348 0.054 

Sodium 2008 30.848 370.283 140.574 59.188 0.218 

Sodium 2012 59.107 190.170 123.218 31.576 

TDS 2008 501.972 2728.233 1251.909 420.157 <.0001* 

TDS 2012 656.009 1320.697 1015.285 142.988 
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Table 2.10. Regional assessment of groundwater constitutes concentration change 2012 to 2016. 

Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Median Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2012 25.726 73.604 37.265 5.671 0.693 

Barium 2016 22.12 119.09 42.96 16.86 

Bromide 2012 0.588 1.650 1.168 0.255 0.096 

Bromide 2016 .308 2.218 1.131 .335 

Chloride 2012 90.485 267.149 190.068 44.597 0.201 

Chloride 2016 34.17 297.35 189.68 54.79 

pH 2012 7.240 7.454 7.348 0.054 <.0001* 

pH 2016 6.75 7.37 7.15 .126 

Sodium 2012 59.107 190.170 123.218 31.576 <.0001* 

Sodium 2016 18.29 337.37 116.73 46.31 

TDS 2012 656.009 1320.697 1015.285 142.988 0.207 

TDS 2016 452.62 1491.89 993.037 175.07 

 

In a regional assessment over the full study period, all groundwater constitutes, except 

Barium, show a significant difference in populations that decrease in median concentration 

value, confirmed by observing that the notch in the distribution boxplots do not overlap (Figure 

2.13).  It can also be observed that in 2004 the standard deviation of the significant groundwater 

constitutes is more substantial, indicating that the population is more spread out.   

Incrementally from 2004 to 2008 Bromide and TDS show significant increases, while 

Barium and pH show significant decreases (Table 2.8).  From 2008 to 2012 Bromide, Chloride, 

and TDS all exhibit significant decreases, while the regional pH increases (Table 2.9).  From 

2012 to 2016 only Sodium and pH were statistically significant, with Sodium displaying a 
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decrease in concentration and pH continuing to increase across the region (Table 2.10).  The 

conclusions of the incremental analysis align with the boxplot notch locations.   

The well site-specific assessment of groundwater consititute concentration change using 

TXRRC UIC well locations existing in 2004 through 2016.  With 6,156 sample locations, UIC 

wells are primarily located on the western border of the study region, with higher densities to the 

northwest (Figure 2.1).   
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Figure 2.14. Well site-specific groundwater constitutes distribution boxplots. Delta (Δ) between sample years indicates 95% 

confidence interval notches do not overlap.  Diamond (◊) in right hand graph corner indicates years 2004 and 2016 95% confidence 

interval notches do not overlap. 
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Table 2.11. Well site-specific assessment of groundwater constitutes concentration change 2004 

to 2016. Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Median Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2004 19.08 66.56 36.57 8.96 <.0001* 

Barium 2016 22.62 105.57 35.17 7.78 

Bromide 2004 0.186 3.57 1.35 0.454 <.0001* 

Bromide 2016 0.451 2.07 1.12 0.237 

Chloride 2004 47.44 522.88 197.36 72.81 <.0001* 

Chloride 2016 74.30 293.56 181.38 33.81 

pH 2004 7.01 7.46 7.28 0.11 <.0001* 

pH 2016 6.69 7.36 7.19 0.08 

Sodium 2004 52.66 299.88 112.05 37.31 <.0001* 

Sodium 2016 48.86 212.31 99.77 26.43 

TDS 2004 497.91 2156.78 985.05 223.09 0.113 

TDS 2016 645.79 1328.93 940.96 97.47 
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Table 2.12. Well s site-specific assessment of groundwater constitutes concentration change 

2004 to 2008. Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Median Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2004 19.08 66.56 36.57 8.96 <.0001* 

Barium 2008 19.15 169.01 37.86 8.92 

Bromide 2004 0.186 3.57 1.35 0.454 <.0001* 

Bromide 2008 0.318 4.96 2.27 0.83 

Chloride 2004 47.44 522.88 197.36 72.81 <.0001* 

Chloride 2008 63.73 581.07 224.99 83.02 

pH 2004 7.01 7.46 7.28 0.11 <.0001* 

pH 2008 6.69 7.49 7.19 0.15 

Sodium 2004 52.66 299.88 112.05 37.31 <.0001* 

Sodium 2008 47.73 316.32 112.78 50.09 

TDS 2004 497.91 2156.78 985.05 223.09 <.0001* 

TDS 2008 599.10 2421.94 1095.59 321.81 
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Table 2.13. Well site-specific assessment of groundwater constitutes concentration change 2008 

to 2012. Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Mean Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2008 19.14 169.01 37.86 8.92 <.0001* 

Barium 2012 26.86 77.38 36.32 4.53 

Bromide 2008 0.318 4.957 2.27 0.834 <.0001* 

Bromide 2012 0.662 1.676 1.14 0.278 

Chloride 2008 63.74 581.07 224.99 83.02 <.0001* 

Chloride 2012 101.18 269.85 182.13 48.64 

pH 2008 6.697 7.496 7.187 0.153 <.0001* 

pH 2012 7.253 7.453 7.383 0.045 

Sodium 2008 52.66 299.88 112.05 37.31 0.218 

Sodium 2012 59.84 200.37 103.37 29.47 

TDS 2008 497.91 2156.78 985.05 223.09 <.0001* 

TDS 2012 733.58 1289.36 947.09 133.18 
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Table 2.14. Well site-specific assessment of groundwater constitutes concentration change 2012 

to 2016. Asterisk (*) denotes significant p-value. 

 
Variable Minimum Maximum Mean Standard Deviation Mann-Whitney-Wilcoxon  

P-Value 

Barium 2012 26.86 77.38 36.32 4.53 <.0001* 

Barium 2016 22.62 105.57 35.17 7.78 

Bromide 2012 0.662 1.676 1.14 0.278 0.001* 

Bromide 2016 0.451 2.07 1.12 .237 

Chloride 2012 101.18 269.846 182.13 48.635 0.122 

Chloride 2016 74.30 293.56 181.38 33.81 

pH 2012 7.253 7.453 7.38 0.045 <.0001* 

pH 2016 6.69 7.36 7.19 0.08 

Sodium 2012 59.84 200.37 103.37 29.47 <.0001* 

Sodium 2016 48.86 212.31 99.77 26.43 

TDS 2012 733.58 1289.36 947.09 133.18 0.030* 

TDS 2016 645.79 1328.93 940.96 97.47 

 

In the well site-specific assessment over the full study period, all groundwater constitutes, 

except TDS, show a significant difference in populations that decrease in median concentration 

value, confirmed by observing that the notch in the distribution boxplots do not overlap (Figure 

2.14).  Standard deviations across all groundwater constitutes display larger spreads in 2004 than 

in 2016.   

Incrementally from 2004 to 2008 Barium, Bromide, Chloride, Sodium, and TDS show 

significant increases while pH shows significant decreases (Table 2.11).  From 2008 to 2012 

Barium, Bromide, Chloride, and TDS show significant decreases in median concentration value 

while pH concentrations increase (Table 2.13).  TDS is not statistically significant from 2008 to 

2012; there is not a systematic difference in populations.  In 2012 to 2016 Barium, Bromide, pH, 
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Sodium, and TDS show a significant difference in populations that decrease in median 

concentration.  Chloride is not statistically significant from 2012 to 2016; there is not a 

systematic difference in populations (Table 2.14).  The conclusions of the incremental analysis 

align with the boxplot notch locations.   

2.5 Discussions & Conclusions 

In this chapter a qualitative and quantitative analysis of salinity focused groundwater 

constitute trends over space and time was performed.  To guide this research, the hypothesis 

states that the chosen groundwater constitute concentrations and distribution would increase 

across the study area during the sampling years 2004 to 2016. 

Groundwater constitutes that are indicators of salinity and could be potentially linked 

back to oil and gas operations were chosen for this analysis, along with the reference constitute 

pH.  Researchers have noted the potential adverse effects that stray constitutes can have on the 

physical environment and the human population (Burton et al., 2016; Digiulio & Jackson, 2016; 

Hildenbrand, Carlton, et al., 2016; Konkel, 2016; Willis, 2013).   

During EDA annual trends of groundwater constitutes’ maximums, minimums, and 

means revealed that annual means and minimums of in situ constitutes have not greatly varied 

across the study period.  Variability in annual maximums shows spikes during 2004, 2008, and 

increasing trend beginning in 2012.  Outliers were removed, preparing the datasets for 

interpolation, and normality was assessed for each sample year.  The Shapiro-Wilk test revealed 

that most groundwater constitute datasets are significantly different from the normal distribution 

and exhibit a positive skew.   A few groundwater constitutes shift to normal distributions during 

the study period in 2016, specifically Barium, Bromide, and TDS.  The groundwater constitute 
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pH displays normal distribution for all sample years; this is expected due to its logarithmic value 

scale.  EDA also revealed an inherent issue in sampling with the in situ data.  A 74% decrease in 

sampling locations between collection years.  Although the number of collection points 

drastically decreases, the spatial distribution remains adequate and the reliability of the 

associated information remains strong.   

Spatial autocorrelation of groundwater datasets varied between sample years.  In 2004 

and 2008 nearly all groundwater constitutes exhibit clustered patterns; however, in 2012 patterns 

are shown to be random.  In 2016 a pattern of spatial autocorrelation is mixed depending on the 

groundwater constitute.  Changes in spatial autocorrelation can potentially be linked to 

fluctuating UIC activity, with more activity resulting in larger spreads of data values. Upticks in 

production caused by the introduction of horizontal drilling in 2012 within the study area are 

noted by IHS Markit analytics (“New IHS Markit Outlook – ‘Stunning’ Permian Basin Oil 

Production to More than Double from 2017-2023, Exceeding Expectations | IHS Markit Online 

Newsroom,” 2018).  This uptick in production can also be seen in the groundwater constitutes’ 

annual maximums trend lines.   

 Using the collected in situ groundwater quality datasets, EBK interpolation surfaces were 

generated to create a complete view of the study area.  Although not all the groundwater 

constitutes datasets tested showed spatial autocorrelation for every sample year, the use of a 

geostatistical interpolation methodology still provides robust results.  Generated EBK surfaces 

during cross-validation exhibited a good fit, and visual analysis of the surfaces showed that all 

groundwater constitutes stayed within any established concentration standards.  Mimicking 
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patterns were present in Bromide, Chloride, Sodium, and TDS displaying concentration increases 

along the basin borders while Barium and pH concentrations stayed relatively homogenous.   

 The Mann-Whitney-Wilcoxon test allowed this research to test if significant differences 

occurred incrementally and over the full study period for groundwater constitutes concentration 

values.  Assessments of concentration change were performed regionally and at a collection of 

well site-specific locations.  Analysis revealed patterns of significant increasing and decreasing 

of groundwater constitutes population means that echo from the regional to the well site-specific 

samples.  Generally, effects on constitute variation between incremental sample years are 

stronger within the well site-specific dataset, with more groundwater constitutes registering as 

significant.  The difference in significant constitutes could potentially indicate that the variance 

in groundwater concentration is stronger and more direct at well site-specific locations.   

 The research presented in this chapter did not follow the original hypothesis statement, 

that groundwater concentrations and distribution would increase across the study area.  What the 

datasets do reveal is generally stable constitute concentrations with variability in maximums 

across the region, visual correlation to upticks in UIC production, and evidence that groundwater 

constitutes concentrations variation may be stronger around well specific locations.   
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CHAPTER 3 

 

WELL OPERATIONS CLUSTER ANALYSIS 

 

 

3.1 Chapter Overview and Objective 

In Chapter 2 a baseline understanding of salinity focused groundwater quality constitutes 

distribution and patterns of change through EDA, EBK, and significance testing was established.  

Statistical significance testing revealed that changes in groundwater constitutes at a regional 

level and at well site-specific locations shared similar patterns, but variances were more 

pronounced around well site-specific locations.   

Building on the foundational work of Chapter 2, Chapter 3 will provide an understanding 

of the relationship between UIC operational parameters and groundwater quality constitutes that 

are indicators of salinity. For this study, well operational parameters can be defined as bottom 

injection zone, top injection zone, maximum gas injection pressure, maximum gas injection 

volume, maximum liquid injection pressure, maximum liquid injection volume, and the number 

of wells existing within a one mile radius.  A quantitative analysis using spatially constrained 

multivariate clustering (SCMC), cluster and outlier analysis (COA), and non-parametric Mann-

Whitney-Wilcoxon testing will reveal if a significant difference in groundwater quality 

constitutes can be linked with well operational parameters within the Permian Basin extents of 

the Ogallala aquifer during the sample period (2004-2016). 

3.2 Underground Injection Control Wells Dataset 

The TXRRC regulates all exploration, production, and transportation of oil and natural 

gas within the state of Texas (Texas, n.d.).  Online research queries located on the TXRRC 
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website allow the public to search oil and gas production, drilling permits, well records, gas 

utility and pipeline information, and other queries related to the energy sector.  Online research 

queries can be accessed at http://www.rrc.state.tx.us/about-us/resource-center/research/online-

research-queires/ (Texas, n.d.) 

3.2.1 Data Collection and Preparation 

Operational and permit information on UIC operations within the study area were 

sourced from the TXRRC Injection/Disposal Permit Query.  Records were collected for the oil 

and gas districts within the study area, districts 08 and 8A, for the period 1970 to 2016. The 

query covers the following injection types: brine mining, disposal into a productive zone (W-14), 

disposal into a non-productive zone (H-1), R95 liquid storage – salt formation, R96 gas storage – 

reservoir, R97 gas storage – salt formation, secondary recovery, and not classified.  Attribute 

fields extracted for use from the UIC permit details are: UIC Number, API Number, Well 

Number, Latitude, Longitude, Original Authority Date, W14 Date, W14 Number, H-1 Date, H-1 

Number, Injection Type, H-10 Status, Permitted Fluids, Maximum Liquid Injection Pressure, 

Maximum Liquid Injection Volume, Maximum Gas Injection Pressure, Maximum Gas Volume, 

Top Injection Zone, and Bottom Injection Zone. 

Downloaded queries were received and formatted in the software program Excel to meet 

data analysis requirements for use in the software ArcGIS Pro by ESRI.  Within ArcGIS Pro 

formatted UIC data were reviewed for transfer errors and converted into an XY feature class 

based on the well location attributes.    

Impacts that UIC operations may have on the surrounding environment are continuous, 

even after an operation has been plugged and abandoned. Features of the wellbore and created 

http://www.rrc.state.tx.us/about-us/resource-center/research/online-research-queires/
http://www.rrc.state.tx.us/about-us/resource-center/research/online-research-queires/
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subsurface fractures may still serve as pathways for groundwater flow.  For this reason, 

subdivided UIC datasets for the sample years are cumulative, meaning that UIC feature classes 

are inclusive of all historic records up to their sample year based on the well creation date (2004, 

2008, 2012, and 2016).    Determination of creation date was based on available record 

information.  Original Authority Date does not necessarily reflect the drill year. Therefore, if 

available the W-14 and H-1 dates were used to determine activity year for record subdivision.   

After subdivision for each sample year dataset, an additional derived well operational 

parameter field was created, UIC wells within one mile.  Each UIC well was evaluated using the 

Summarize Within tool in ArcGIS Pro to calculate the number of wells within a one mile radius.  

This derived attribute field represents a relative measurement of the density of operations.   

3.3 Methodology 

3.3.1 Visual Analysis 

To understand the base operation types occurring within the study area categorical data 

on injection type and permitted fluids were pulled.  Count and distribution across the basin were 

plotted and mapped using EDA techniques.   

Table 3.1. Texas Railroad Commission underground injection controlled wells categorical 

variables 

 
Analysis 

Field 

Variable 

Description Variable 

Type 

Injection 

Type 

Type of injection process performed by the well: brine mining, disposal into a 

non-productive zone (W-14), disposal into a productive zone (H-1), R95 liquid 

storage salt formation, R96 gas storage reservoir, R97 gas storage salt formation, 

secondary recovery.   

Categorical 

Permitted 

Fluids 

List of all potential permitted fluids and fluid combinations allowed for injection 

in the well (salt water, fresh water, CO², gas, polymer, naturally occurring 

radioactive material, liquified petroleum gas, and air)  

Categorical 
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3.3.2 Spatially Constrained Multivariate Clustering 

SCMC applies unsupervised machine learning methods on dictated analysis fields, in this 

instance well operational parameters, to form natural clusters of data (Environmental Systems 

Research Institute (ESRI), 2018). R-Squared value for each analysis field, or variable, is 

computed in a variable wise summary, thus determining the analysis field most effective at 

clustering UIC wells when considering all fields.   

Analysis using SCMC was performed for each sample year, constraining the tool to 200 

clusters with a minimum of five wells needed to define a cluster.  By standardizing the SCMC 

tool to 200 clusters, sample years variable wise summaries can be cross-compared.  Clusters 

were spatially constrained using Trimmed Delaunay triangulation, ensuring that features 

included in clusters are natural neighbors.  Cluster membership probability was set to 1000 

permutations to ensure high confidence that features belong to the assigned cluster.  By 

standardizing the SCMC tool to 200 clusters, sample years variable wise summaries can be 

cross-compared.   

Table 3.2. Texas Railroad Commission underground injection controlled wells spatially 

constrained multivariate analysis fields 

 
Analysis Field Variable Description Variable 

Type 

Bottom Injection Zone (ft) Location of the bottom of the target injection 

zone(s) in feet 

Integer 

Top Injection Zone (ft) Location of the top of target injection zone(s) in 

feet 

Integer 

Maximum Gas Injection Pressure (PSI) Maximum allowed injection PSI of Gas  Integer 

Maximum Gas Injection Volume 

(MCF/Day) 

Maximum allowed volume of injected gas Integer 

Maximum Liquid Injection Pressure (PSI) Maximum allowed injection PSI of liquid  Integer 

Maximum Liquid Injection Volume 

(BBLs/Day) 

Maximum allowed volume of injected liquid Integer 

UIC Wells Within 1 Mile Derived field used to evaluate the impact of well 

density. 

Integer 
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3.3.3 Well Operational Parameters Analysis 

The COA tool in ArcGIS Pro utilizes the Anselin Local Moran’s I statistic to identify 

significant hot spots, cold spots, and spatial outlier within a given dataset (Environmental 

Systems Research Institute (ESRI), 2018).  COA was performed on each well operational 

parameter field for the sample years 2004 and 2016.  When the COA analysis returns a feature 

with a high positive z-score, features with similar values surround the feature, at either 

statistically significant high-high (HH) or low-low (LL) values.  Features with low negative z-

scores indicate spatial outliers, high-value feature surrounded by low values (HL) or low-value 

feature surrounded by high values (LH) (Environmental Systems Research Institute (ESRI), 

2018).  Only features classified as HH or LL are considered for this analysis.  Descriptive 

statistics and distribution maps of HH and LL values were calculated for each COA analysis, to 

compare the change in operational parameters from 2004 to 2016. 

To explore the relationship that groundwater constitutes have to well operational 

parameters non-parametric Mann-Whitney-Wilcoxon statistical testing was applied.  The Mann-

Whitney-Wilcoxon test to see if there is a systematic difference between populations.  The test 

assumes that these populations are independent and do not follow a normal distribution. The 

interpretation of the population's distributions shape and spread determines if the test is detecting 

significant differences in the medians or if there is a systematic difference in the values of the 

populations (Mangiafico, 2016).  

Measuring if a significant change in groundwater constitute values occurred between 

2004 and 2016, groundwater constitute values were extracted from previously generated EBK 

surfaces at COA analysis HH and LL locations.  Following the work of Burton and colleagues, if 
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a statistically significant difference in concentration is detected between HH and LL locations, 

this could indicate that the well operation parameter can influence the concentration value of the 

groundwater constitute (Burton et al., 2016).    

3.4 Results 

3.4.1 Visual Analysis  

The majority of UIC wells injection type located within the study area are either 

secondary recovery or disposal (W-14 and H-1) wells. Spatially, secondary recovery wells occur 

mainly along the western border of the study area to the north and central sections.  Disposal 

wells are most densely located in the southern region of the study area (Figure 3.2). 

Within the study area, 36 variations of permitted fluids were identified.  Summarization 

of the cumulative count of permitted fluids from 1970 to 2016 revealed the fluids most used, for 

this analysis a fluid with over 20 occurrences (Table 3.3). These include the permitted fluid 

combinations of: Fresh Water, Salt Water, Salt Water/CO², Salt Water/Fresh Water, Salt 

Water/Fresh Water/ CO², Salt Water/Fresh Water/CO²/Polymer, Salt Water/Fresh 

Water/Gas/CO², Salt Water/Fresh Water/Polymer, and Salt Water/Gas/CO².  In both bar charts 

oscillation in operations can be seen beginning in 1984 to present, with upticks in 1991, the early 

2000s, and 2012 (Figure 3.1 and Figure 3.3). 
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Table 3.3. Underground injection controlled wells permitted fluids frequency  

Permitted Fluids Frequency 

Salt Water, Fresh Water 4428 

Salt Water, Fresh Water, CO2 4090 

Salt Water 3792 

Salt Water, Fresh Water, Gas, CO2 866 

Salt Water, CO2 551 

Salt Water, Gas, CO2 260 

Salt Water, Fresh Water, Polymer 248 

Salt Water, Fresh Water, CO2, Polymer 207 

Fresh Water 151 

Salt Water, Polymer 46 

Salt Water, CO2, Polymer 27 

Salt Water, Fresh Water, Gas 24 

 

The permitted fluid combinations of Salt Water/Fresh Water, Salt Water/Fresh 

Water/Gas/ CO², Fresh Water, and Salt Water/Fresh Water/ CO² are observed primarily in the 

northern and central regions of the study area.  Small pockets of Salt Water/ CO² are located 

across the study area, and a cluster of Salt Water/Fresh Water/CO²/Polymer can be found in the 

south.  Saltwater wells present the most significant spatial spread with distribution across the 

study area (Figure 3.4).   
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Figure 3.1. Underground injection controlled (UIC) wells injection type by year bar graph 
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Figure 3.2. Underground injection controlled (UIC) wells injection type map 

 

 



 

 

72 

  

Figure 3.3. Underground injection controlled wells permitted fluids by year bar graph 
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Figure 3.4. Underground injection controlled (UIC) wells permitted fluids map 
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3.4.2 Spatially Constrained Multivariate Clustering 

The SCMC analysis tool acts as an explanatory tool to help reveal the underlying 

structure of clustering within a given dataset, and its defined analysis fields (Environmental 

Systems Research Institute (ESRI), 2018).  SCMC analysis of the well operational parameters 

was performed for each sample year (2004, 2008, 2012, 2016) to show which operational 

parameters were dividing UIC wells into clusters most effectively.  By setting a consistent 

cluster size of 200 for each analysis year, the reported variable wise summaries become 

comparable (Table 3.4).   

Table 3.4. Spatially constrained multivariate clustering variable wise summaries 

Variable 𝑅2  - 2004 𝑅2  – 2008 𝑅2  – 2012 𝑅2  - 2016 

UIC Wells Within 1 Mile 0.7864 0.7937 0.8035 0.8078 

Maximum Gas Injection Volume (MCF/Day) 0.7106 0.7169 0.7103 0.7306 

Maximum Gas Injection Pressure (PSI) 0.6120 0.6058 0.6095 0.608 

Top Injection Zone (ft) 0.5041 0.4966 0.4789 0.4829 

Bottom Injection Zone (ft) 0.4323 0.4332 0.4249 0.4461 

Maximum Liquid Injection Volume (BBLS/Day) 0.3720 0.3720 0.4220 0.4293 

Approved Packer Depth (ft) 0.3644 0.3635 0.3614 0.3650 

Maximum Liquid Injection Pressure (PSI) 0.2851 0.2989 0.2963 0.2779 

 

Using the reported R-squared value of each well operational parameter, it can be noted 

that UIC Wells Within One Mile, Maximum Gas Injection Volume, Maximum Gas Injection 

Pressure, and the Top Injection Zone divide the datasets into the most effective clusters for all 

sample years (all having an r-squared value higher than 0.50).   The R-squared value of the well 

operational parameters signifies the variation retained after the clustering process, those with 

higher R-squared values discriminate clusters most effectively (Environmental Systems Research 

Institute (ESRI), 2018).   
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3.4.3 Well Operational Parameters Analysis Cluster and Outlier Analysis 

COA was applied to explore the relationship between the well operational parameters and 

groundwater constitute concentrations.  COA analysis was performed for the sample years 2004 

and 2016 to quantify the change in relationships over the study period. Spatial data weights were 

calculated and used to conceptualize the spatial relationship of features within the dataset.   

Looking at distribution maps and descriptive statistics on well operational parameters, HH and 

LL locations general trends can be detected.   

Well counts within one mile HH and LL features increase from 2004 to 2016. However, 

LL features are more prevalent in both years.  On average LL features have seven to eight 

adjacent wells within one mile.  HH features occur along the central and northern sections of the 

western border, averaging 55 neighbors in 2004 and 78 in 2016 (Figures 3.8 and 3.12). 

 Bottom Injection Zone LL features are predominant in both sample years occurring along 

the study area borders.  Bottom Injection Zone HH features have a slight increase in frequency 

from 2004 to 2016 appearing along the central border and south-central region of the study area.  

From 2004 to 2016 both HH and LL features an increase in average depth.  Generally mimicking 

the pattern of Bottom Injection Zone features, Top Injection Zone features in 2004 are more 

frequent and have higher concentrations of HH features along the north-western border. In 2016 

an additional pocket of Top Injection Zone LL features can be seen in the southern tip, average 

depths for Top Injection Zone HH features increase while LL features decrease.  Overall, the 

metrics presented by the descriptive statistics of Top and Bottom Injection Zones indicate that 

operators are moving on to explore deeper set formations from 2004 to 2016 (Figures 3.5 and 

3.9). 
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 For operational parameters dealing with gas wells, Maximum Gas Pressure, and 

Maximum Gas Volume, little variance is visually observed from 2004 to 2016.  Gas wells are 

located to the northwest and central west regions of the study area.  Maximum Gas Pressure 

exhibits a decrease in frequency and average pressure for both HH and LL features over the 

study period, with a shift occurring to features only appearing in the central west region.  

Maximum Gas Volume features an increase in frequency and average volume from 2004 to 

2016, with more HH cluster appearing in the west of the study area (Figures 3.6 and 3.10).  Gas 

operations across the region are not as common as liquid. However, identified locations of HH 

features coincide with known CO² flood fields operated by Apache, Occidental, Chevron, 

Conoco Phillips, Fasken, Hess, and XTO (Tenaksa Trailblazer Energy Center, 2011) 

A dramatic drop in frequency of Maximum Liquid Pressure features is seen from 2004 to 

2016.  In 2004, 484 LL features can be found along the east, south, and southwest border. By 

2016 LL feature counts decrease to 126, existing only in small clusters to the south and along the 

eastern border.  Inversely, Maximum Liquid Volume displays a jump in HH features along the 

southern region in 2016 and shows increases in LL features across the study area.  In both HH 

and LL features average liquid volume used in operations increased from 2004 to 2016 (Figures 

3.7 and 3.11).  The increase in HH features in the southern region coincide with a high-density 

area disposal wells, indicating an increase in disposal activity by 2016.   
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Figure 3.5. Well operational parameters cluster and outlier analysis maps for 2004 - Bottom Injection Zone (left), Top Injection Zone 

(right) 
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Figure 3.6. Well operational parameters cluster and outlier analysis maps for 2004 – Maximum Gas Volume (left), Maximum Gas PSI 

(right) 
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Figure 3.7. Well operational parameters cluster and outlier analysis maps for 2004 – Maximum Liquid Volume (left), Maximum 

Liquid PSI (right) 
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Figure 3.8. Well operational parameters cluster and outlier analysis maps for 2004 – Well Count Within 1 Mile 
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Figure 3.9. Well operational parameters cluster and outlier analysis maps for 2016 - Bottom Injection Zone (left), Top Injection Zone 

(right) 
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Figure 3.10. Well operational parameters cluster and outlier analysis maps for 2016 – Maximum Gas Volume (left), Maximum Gas 

PSI (right) 
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Figure 3.11. Well operational parameters cluster and outlier analysis maps for 2016 – Maximum Liquid Volume (left), Maximum 

Liquid PSI (right) 
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Figure 3.12. Well operational parameters cluster and outlier analysis maps for 2016 – Well Count Within 1 Mile 
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Table 3.5. Cluster and outlier analysis 2004 well operational parameters high-high and low-low 

features descriptive statistics 

 
2004 Operational Parameters 

Statistic  Bottom 

Zone 

| HH 

Bottom Zone 

| LL 

Top Zone 

| HH 

Top Zone 

| LL 

 

Well 

Count  

| HH 

Well 

Count 

| LL 

Observations 61 221 240 430 1349 1974 

Minimum 5710 1043 5099 986 27 1 

Maximum 12774 5150 12692 4900 92 25 

1st Quartile 7500 3180 7500 3284 46 4 

Median 8150 3570 7875 3700 52 7 

3rd Quartile 8900 4036 8570 4100 63 10 

Mean 8448 3513 7967 3644 55.028 7.326 

Variance  2586842 669768 1781522 442466 120.719 16.974 

Standard deviation  1608 818 1334 665 10.987 4.120 

Variation coefficient 0.189 0.232 0.167 0.182 0.200 0.562 

Skewness (Pearson) 1.058 -0.519 0.580 -1.246 0.759 0.297 

2004 Operational Parameters 

Statistic Maximum 

Gas PSI 

|HH 

Maximum Gas PSI 

| LL 

Maximum Gas 

Volume 

|HH 

Maximum Gas 

Volume 

| LL 

Observations 23 251 107 558 

Minimum 3000 500 6000 80 

Maximum 36000 2500 25000 5000 

1st Quartile 3500 2000 10000 1200 

Median 3500 2000 10000 1500 

3rd Quartile 3600 2000 25000 2000 

Mean 4913 1928 16480 1715 

Variance  45938117 54569 51879894 862881 

Standard deviation  6777 233 7202 928 

Variation coefficient 1.349 0.121 0.435 0.541 

Skewness (Pearson) 4.475 -2.130 0.253 1.224 

2004 Operational Parameters 

Statistic Maximum 

Liquid PSI 

|HH 

Maximum 

Liquid PSI 

| LL 

Maximum 

Liquid Volume 

|HH 

Maximum 

Liquid Volume 

| LL 

Observations 103 484 108 1223 

Minimum 2150 50 2160 50 

Maximum 5000 2100 50000 200 

1st Quartile 2525 1000 5000 300 

Median 2800 1200 5030 500 

3rd Quartile 3000 1500 1000 500 

Mean 2939 1221 8397 471 

Variance  261163 207508 65137454 64663 

Standard deviation  511 455 8070 254 

Variation coefficient 0.173 0.372 0.957 0.539 

Skewness (Pearson) 1.568 -0.100 3.942 2.673 
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Table 3.6. Cluster and outlier analysis 2016 well operational parameters high-high and low-low 

features descriptive statistics 

 
2016 Operational Parameters 

Statistic Bottom 

Zone 

| HH 

Bottom Zone 

| LL 

Top Zone 

| HH 

Top Zone 

| LL 

 

Well Count  

| HH 

Well Count 

| LL 

Observations 68 342 333 481 1486 2420 

Minimum 5860 1043 507 986 49 1 

Maximum 14500 5300 13400 4884 155 2 

1st Quartile 7660 3008 7300 3135 65 3 

Median 8514 3603 7716 3600 73 8 

3rd Quartile 9983 4400 858 3997 84 12 

Mean 9224 3628 7991 3395 78 8.12 

Variance  4807702 663691 2730310 572318 399 28 

Standard deviation  2192 814 1652 756 19 5.27 

Variation coefficient 0.236 0.224 0.206 0.223 0.255 0.649 

Skewness (Pearson) 0.770 -0.229 1.036 -0.795 1.600 0.294 

2016 Operational Parameters 

Statistic Maximum Gas 

PSI 

|HH 

Maximum 

Gas PSI 

| LL 

Maximum Gas 

Volume 

|HH 

Maximum Gas 

Volume 

| LL 

Observations 20 145 195 681 

Minimum 3475 300 10000 2 

Maximum 3700 2775 100000 5484 

1st Quartile 3500 1000 20000 1200 

Median 3500 1500 25000 1500 

3rd Quartile 3600 2000 25000 2750 

Mean 3530 1395 24285 1822 

Variance  3921 323318 176418489 1264042 

Standard deviation  6 568 13282 11246 

Variation coefficient 0.017 0.406 0.546 0.616 

Skewness (Pearson) 1.252 -0.116 3.108 0.563 

2016 Operational Parameters 

Statistic Maximum 

Liquid PSI 

|HH 

Maximum 

Liquid PSI 

| LL 

Maximum 

Liquid Volume 

|HH 

Maximum 

Liquid Volume 

| LL 

Observations 12 126 238 1396 

Minimum 2300 300 3300 50 

Maximum 3400 2250 50000 3100 

1st Quartile 2350 1000 5418 400 

Median 2400 1000 10000 500 

3rd Quartile 3100 1370 20000 800 

Mean 2666 1198 15683 654 

Variance  163787 230001 151402923 171321 

Standard deviation  40 479 12304 413 

Variation coefficient 0.145 0.399 0.783 0.633 

Skewness (Pearson) 0.604 0.384 1.458 2.288 
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3.4.4 Well Operational Parameters and Groundwater Constitutes Analysis 

Groundwater constitute concentration values were extracted at HH and LL feature 

locations for each well operational parameter during the sample years 2004 and 2016.  Using a 

two-tailed non-parametric Mann-Whitney-Wilcoxon test, HH and LL populations were measured 

for significant change.  Boxplots of the groundwater constitute concentration distributions were 

created to aid in interpretation (Figures 3.13 to 3.26).  Generated boxplots include the notch, a 

test that displays a 95% confidence interval around the median.  If the two boxplots notches do 

not overlap, there is evidence that their medians differ.  The conclusions of the Mann-Whitney-

Wilcoxon analysis align with the boxplot notch locations (Tables 3.7 to 3.13).  Note that 

although the Mann-Whitney-Wilcoxon statistical test does not require equal populations, 

substantial differences in population size may affect the accuracy of the p-value. 

Well counts within one mile are influencers on Bromide, Chloride, Sodium, and TDS in 

2004 and Barium, Bromide, Chloride, pH, and Sodium in 2016. In 2004 concentrations are found 

to be higher at HH locations, this reverses partially in 2016.  Barium, Bromide, and Chloride 

exhibit higher concentrations at LL features while pH and Sodium show higher concentration at 

HH features.  The reverse of the significance of constitutes at HH to LL features does not make 

for a strong case that the density of wells is a driving influencer behind groundwater constitute 

concentrations.   

 When visually observing the cluster maps for the parameter well counts within one mile, 

and using Chloride a common significant constitute across both sample years, higher 

concentration values in 2016 are visually tied to LL locations located within the southern region 
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of the study area. The southern region is dense with disposal type injection wells and is in the 

Midland Basin comprised of carbonate reef platforms a porous geological formation.  

For Maximum Liquid Injection Volume all groundwater constitutes tested as significant 

in both 2004 and 2016, showing higher concentrations at HH features, except for pH.  Maximum 

Liquid Injection Pressure in 2004 and 2016 is associated with higher median concentrations of 

Barium, Bromide, Chloride, and Sodium at LL features.  Groundwater constitute pH displayed a 

higher median value at HH features in 2004 and was not significant in 2016, indicating that wells 

with higher maximum liquid injection volumes but lower pressures carry a more extensive 

influence on the water quality constitutes tested.  Visually, like the operational parameter well 

counts within one mile, wells with higher injection volumes are in the southern region of the 

study area.  The increase in disposal wells by 2016 combined with the porous geological makeup 

and high injection volumes could account for the flip from significance of HH to LL features, 

indicating that that density of well type may be a better variable to test.   

The Top Injection Zone in 2004 modeled with higher median concentrations of Barium, 

Chloride, and Sodium at LL features, while pH showed higher median concentrations at HH 

features.  This trend stays consistent into 2016, with the addition of Bromide showing higher 

median concentrations at LL features.  The Bottom Injection zone in 2004 modeled with higher 

median concentrations of Barium, Chloride, Sodium, and TDS at LL features, while pH showed 

higher median concentrations at HH features.  In 2016 median concentrations of Barium, 

Chloride, and Sodium were higher at LL features, while Bromide, pH, and TDS median 

concentrations are higher at HH features.  Visual exanimation of the cluster locations shows that 

high concentrations are occurring in the southern region at LL features in both datasets 
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overlapping with disposal well locations; these are wells with a lower top and bottom injection 

zones.  The HH features of 2016 intersect with secondary recovery wells in the southern region, 

indicating that drillers are moving deeper into a formation within that area.  

Median concentrations of Barium, Bromide, and Chloride were higher at HH features for 

the Maximum Gas Injection Volume in 2004, while pH displayed a higher median value at LL 

features.  In 2016 Bromide, Chloride, pH, and TDS displayed higher median concentrations at 

HH features, while Barium and Sodium exhibited higher medians at LL features.  Maximum Gas 

Injection Pressure in 2004 is associated with higher median concentrations of Bromide, Sodium, 

and TDS at HH cluster and higher median concentrations of Barium at LL features.  In 2016 

higher median concentrations of Sodium and Chloride occur at HH features, while Barium and 

Bromide occur at LL features. The distribution for HH features is significantly less than the other 

datasets presented due to a small number of data points of gas type injection.   
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Figure 3.13. Well operational parameter, Top Injection Zone 2004 groundwater constitutes high-high (HH) and low-low (LL) features 

distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap.   
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Figure 3.14. Well operational parameter, Bottom Injection Zone 2004 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap.  
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Figure 3.15. Well operational parameter, Maximum Gas Injection Pressure 2004 groundwater constitutes high-high (HH) and low-low 

(LL) features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.16. Well operational parameter, Maximum Gas Volume 2004 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.17. Well operational parameter, Maximum Liquid Pressure 2004 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.18. Well operational parameter, Maximum Liquid Volume 2004 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.19. Well operational parameter, Well Count Within 1 Mile 2004 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.20. Well operational parameter, Top Injection Zone 2016 groundwater constitutes high-high (HH) and low-low (LL) features 

distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.21. Well operational parameter, Bottom Injection Zone 2016 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.22. Well operational parameter, Maximum Gas Pressure 2016 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 

 



 

100 

 

Figure 3.23. Well operational parameter, Maximum Gas Volume 2016 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.24. Well operational parameter, Maximum Liquid Pressure 2016 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.25. Well operational parameter, Maximum Liquid Volume 2016 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap. 
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Figure 3.26. Well operational parameter, Well Count Within 1 Mile 2016 groundwater constitutes high-high (HH) and low-low (LL) 

features distributions. Delta (Δ) denotes 95% confidence interval notches do not overlap.
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Table 3.7. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Maximum Gas PSI high-high (HH) and low-low (LL) features. Asterisk 

(*) denotes significant p-value. 

 
Maximum Gas PSI - 2004 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 23 33.429 35.052 34.281 0.458 < 0.0001* 

 Barium     | LL 251 22.442 50.949 42.108 5.145 

Bromide   | HH 23 2.131 2.475 2.280 0.122 < 0.0001* 

 Bromide   | LL 251 0.906 2.553 1.605 0.290 

Chloride   | HH 23 310.616 360.071 332.772 18.144 < 0.0001* 

 Chloride   | LL 251 125.813 373.311 241.756 41.105 

pH            | HH 23 7.279 7.299 7.293 0.005 0.185 

pH            | LL 251 7.060 7.387 7.204 0.110 

Sodium    | HH 23 164.474 182.233 171.874 6.242 < 0.0001* 

 Sodium    | LL 251 68.765 186.313 122.688 19.072 

TDS         | HH 23 1427.597 1611.504 1504.525 59.809 < 0.0001* 

 TDS         | LL 251 739.679 1654.263 1022.121 107.833 

Maximum Gas PSI - 2016 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 20 24.150 33.100 25.693 1.858 < 0.0001* 

 Barium     | LL 145 28.370 64.085 47.077 14.514 

Bromide   | HH 20 1.202 1.246 1.230 0.012 0.001* 

Bromide   | LL 145 0.803 1.626 1.253 0.135 

Chloride   | HH 20 195.008 220.032 213.523 5.405 0.392 

Chloride   | LL 145 139.424 258.855 211.780 29.477 

pH            | HH 20 7.171 7.252 7.197 0.017 0.164 

pH            | LL 145 7.015 7.340 7.151 0.127 

Sodium    | HH 20 91.350 170.169 159.113 16.570 < 0.0001* 

 Sodium    | LL 145 84.440 172.687 118.357 20.326 

TDS         | HH 20 929.388 1191.890 1157.285 55.751 < 0.0001* 

 TDS         | LL 145 834.965 1171.218 1017.584 100.854 
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Table 3.8. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Maximum Gas Volume high-high (HH) and low-low (LL). Asterisk (*) 

denotes significant p-value. 

 
Maximum Gas Volume (MCF/Day) – 2004 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 107 22.572 48.698 45.130 5.275 < 0.0001* 

 Barium     | LL 558 20.112 50.792 36.839 6.535 

Bromide   | HH 107 0.888 2.442 1.805 0.273 < 0.0001* 

 Bromide   | LL 558 0.847 2.558 1.437 0.442 

Chloride   | HH 107 122.650 355.857 242.560 36.655 < 0.0001* 

 Chloride   | LL 558 107.405 396.960 203.570 74.482 

pH            | HH 107 7.061 7.386 7.305 0.052 < 0.0001* 

 pH            | LL 558 7.037 7.432 7.314 0.108 

Sodium    | HH 107 68.897 180.283 112.704 16.625 0.239 

 Sodium    | LL 558 61.928 220.932 117.446 32.816 

TDS         | HH 107 799.425 1590.049 1056.648 131.676 0.661 

 TDS         | LL 558 700.727 1668.430 1051.715 244.984 

Maximum Gas Volume (MCF/Day) - 2016 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 195 28.090 31.587 29.323 0.652 < 0.0001* 

 Barium     | LL 681 26.836 64.085 35.900 9.448 

Bromide   | HH 195 0.998 1.295 1.270 0.038 < 0.0001* 

Bromide   | LL 681 0.726 1.643 1.093 0.186 

Chloride   | HH 195 169.080 196.086 192.114 3.614 < 0.0001* 

 Chloride   | LL 681 127.778 259.878 181.250 30.988 

pH            | HH 195 7.243 7.286 7.273 0.009 < 0.0001* 

 pH            | LL 681 7.015 7.315 7.194 0.075 

Sodium    | HH 195 93.964 123.997 100.374 3.713 0.018* 

Sodium    | LL 681 64.605 173.382 104.597 24.530 

TDS         | HH 195 928.743 1019.809 969.898 15.596 < 0.0001* 

 TDS         | LL 681 817.838 1184.735 964.521 96.923 
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Table 3.9. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Maximum Liquid Pressure high-high (HH) and low-low (LL). Asterisk (*) 

denotes significant p-value. 

 
Maximum Liquid PSI – 2004 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 103 25.317 50.651 37.489 6.151 < 0.0001* 

 Barium     | LL 484 22.522 65.727 40.793 5.549 

Bromide   | HH 103 0.785 2.641 1.389 0.393 < 0.0001* 

 Bromide   | LL 484 0.205 3.376 1.560 0.443 

Chloride   | HH 103 107.700 377.241 192.432 60.742 < 0.0001* 

 Chloride   | LL 484 49.664 493.053 242.782 69.717 

pH            | HH 103 7.068 7.411 7.315 0.119 < 0.0001* 

 pH            | LL 484 7.014 7.461 7.154 0.096 

Sodium    | HH 103 67.483 214.737 117.900 30.428 < 0.0001* 

 Sodium    | LL 484 55.576 299.882 157.792 45.439 

TDS         | HH 103 657.835 1686.044 1037.287 204.161 0.000* 

TDS         | LL 484 505.963 2098.223 1133.633 246.198 

Maximum Liquid PSI - 2016 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 12 31.805 34.692 33.371 1.086 < 0.0001* 

 Barium     | LL 126 28.875 64.085 49.322 14.107 

Bromide   | HH 12 0.952 1.235 1.058 0.111 < 0.0001* 

 Bromide   | LL 126 0.803 1.438 1.231 0.134 

Chloride   | HH 12 154.710 195.455 172.884 18.051 .001* 

Chloride   | LL 126 139.424 239.644 211.112 31.088 

pH            | HH 12 7.198 7.269 7.233 0.029 .141 

pH            | LL 126 7.015 7.340 7.149 0.135 

Sodium    | HH 12 78.887 100.354 88.909 8.836 < 0.0001* 

 Sodium    | LL 126 84.440 153.747 118.581 21.172 

TDS         | HH 12 852.609 954.091 908.491 47.899 .014* 

TDS         | LL 126 834.965 1167.893 1015.369 111.415 

 

\ 
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Table 3.10. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Maximum Liquid Volume high-high (HH) and low-low (LL). Asterisk (*) 

denotes significant p-value. 

 
Maximum Liquid Volume (BBLS/Day) – 2004 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 108 23.263 48.612 38.155 5.908 < 0.0001* 

Barium     | LL 1223 19.075 60.702 31.778 8.794 

Bromide   | HH 108 0.898 3.167 1.777 0.554 < 0.0001* 

Bromide   | LL 1223 0.242 3.376 1.138 0.473 

Chloride   | HH 108 124.199 451.058 251.106 83.240 < 0.0001* 

Chloride   | LL 1223 63.078 493.053 166.430 80.895 

pH            | HH 108 7.029 7.397 7.296 0.085 0.000* 

pH            | LL 1223 7.022 7.456 7.310 0.101 

Sodium    | HH 108 71.558 241.623 134.228 40.107 < 0.0001* 

Sodium    | LL 1223 53.596 291.442 97.909 44.065 

TDS         | HH 108 719.619 1947.513 1169.036 316.185 < 0.0001* 

TDS         | LL 1223 575.413 2098.223 917.277 224.069 

Maximum Liquid Volume (BBLS/Day) - 2016 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 238 24.917 88.097 38.993 15.139 0.000* 

Barium     | LL 1396 22.192 68.900 34.071 8.214 

Bromide   | HH 238 0.649 2.106 1.361 0.235 < 0.0001* 

Bromide   | LL 1396 0.451 1.477 1.007 0.207 

Chloride   | HH 238 121.761 292.014 224.106 32.878 < 0.0001* 

Chloride   | LL 1396 74.888 257.488 162.398 30.284 

pH            | HH 238 6.908 7.308 7.142 0.109 < 0.0001* 

pH            | LL 1396 6.909 7.354 7.203 0.089 

Sodium    | HH 238 60.134 237.186 134.779 36.923 < 0.0001* 

Sodium    | LL 1396 50.097 182.084 86.436 20.830 

TDS         | HH 238 797.643 1381.234 1080.961 120.302 < 0.0001* 

TDS         | LL 1396 646.600 1231.387 888.693 85.435 
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Table 3.11. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Top Injection Zone high-high (HH) and low-low (LL). Asterisk (*) 

denotes significant p-value. 

 
Top Injection Zone (ft) – 2004 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 240 29.975 51.424 38.570 4.839 < 0.0001* 

 Barium     | LL 430 30.486 55.555 41.971 3.015 

Bromide   | HH 240 0.490 3.551 1.619 0.641 0.641 

Bromide   | LL 430 0.454 2.965 1.512 0.396 

Chloride   | HH 240 90.211 518.890 234.501 93.101 0.000* 

Chloride   | LL 430 87.637 488.317 244.188 64.209 

pH            | HH 240 7.029 7.401 7.268 0.112 < 0.0001* 

 pH            | LL 430 7.015 7.426 7.155 0.088 

Sodium    | HH 240 67.017 301.384 141.488 46.163 0.000* 

Sodium    | LL 430 71.073 291.508 154.767 45.189 

TDS         | HH 240 603.702 2153.200 1137.794 337.731 0.216 

TDS         | LL 430 668.267 1873.831 1114.655 221.971 

Top Injection Zone (ft) - 2016 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 333 24.869 105.571 39.952 14.381 < 0.0001* 

 Barium     | LL 481 30.113 84.027 52.063 11.934 

Bromide   | HH 333 0.608 1.944 1.163 0.213 0.001* 

Bromide   | LL 481 0.609 1.708 1.178 0.273 

Chloride   | HH 333 117.518 279.772 194.469 28.286 < 0.0001* 

 Chloride   | LL 481 99.733 277.695 204.556 46.703 

pH            | HH 333 6.700 7.331 7.154 0.130 < 0.0001* 

 pH            | LL 481 6.917 7.333 7.116 0.109 

Sodium    | HH 333 48.868 201.895 106.172 23.333 < 0.0001* 

 Sodium    | LL 481 49.767 200.728 116.365 28.433 

TDS         | HH 333 798.839 1304.882 988.706 86.146 0.002* 

TDS         | LL 481 692.046 1233.160 999.849 139.826 
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Table 3.12. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Bottom Injection Zone high-high (HH) and low-low (LL). Asterisk (*) 

denotes significant p-value. 

 
Bottom Injection Zone (ft) – 2004 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 61 30.912 51.424 39.069 5.835 < 0.0001* 

 Barium     | LL 221 24.862 55.555 43.224 3.891 

Bromide   | HH 61 0.688 3.406 1.582 0.584 0.513 

Bromide   | LL 221 0.476 2.965 1.548 0.542 

Chloride   | HH 61 118.393 497.524 223.010 86.044 0.001* 

Chloride   | LL 221 87.787 488.317 251.654 86.712 

pH            | HH 61 7.065 7.401 7.277 0.113 < 0.0001* 

 pH            | LL 221 7.015 7.412 7.225 0.072 

Sodium    | HH 61 75.422 299.168 130.151 44.399 < 0.0001* 

 Sodium    | LL 221 57.998 291.508 172.264 56.914 

TDS         | HH 61 702.635 2124.958 1105.430 311.267 0.001* 

TDS         | LL 221 668.267 1873.831 1203.357 262.674 

Bottom Injection Zone (ft) - 2016 

Variable Observations Minimum Maximum Median Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 68 24.869 79.331 36.273 11.595 < 0.0001* 

Barium     | LL 342 25.818 73.770 54.478 10.426 

Bromide   | HH 68 0.893 1.852 1.264 0.234 < 0.0001* 

 Bromide   | LL 342 0.608 1.617 1.044 0.288 

Chloride   | HH 68 161.071 286.868 204.710 32.407 0.027* 

Chloride   | LL 342 99.115 267.482 184.315 53.761 

pH            | HH 68 6.812 7.329 7.195 0.108 0.000* 

pH            | LL 342 6.958 7.329 7.141 0.118 

Sodium    | HH 68 67.565 224.281 116.198 33.896 0.056 

Sodium    | LL 342 48.496 185.433 105.184 31.446 

TDS         | HH 68 867.042 1329.333 1008.296 117.106 0.000* 

TDS         | LL 342 688.397 1198.237 951.435 163.393 
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Table 3.13. Mann-Whitney-Wilcoxon test statistics tables for groundwater constitutes at well 

operational parameter Wells Within 1 Mile high-high (HH) and low-low (LL). Asterisk (*) 

denotes significant p-value. 

 
Wells Within 1 Mile – 2004 

Variable Observations Minimum Maximum Mean Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 1349 22.371 51.521 38.426 8.025 0.284 

Barium     | LL 1974 19.075 66.560 38.181 9.194 

Bromide   | HH 1349 0.874 2.558 1.400 0.372 < 0.0001* 

 Bromide   | LL 1974 0.186 3.573 1.357 0.593 

Chloride   | HH 1349 120.461 394.007 207.186 64.002 < 0.0001* 

 Chloride   | LL 1974 47.441 522.877 199.376 89.281 

pH            | HH 1349 7.060 7.397 7.263 0.121 0.050 

pH            | LL 1974 7.006 7.464 7.273 0.120 

Sodium    | HH 1349 68.528 186.555 115.122 29.153 0.000* 

Sodium    | LL 1974 52.666 301.384 116.804 49.194 

TDS         | HH 1349 737.937 1656.490 1005.027 192.359 < 0.0001* 

 TDS         | LL 1974 497.914 2156.781 991.833 295.342 

Wells Within 1 Mile - 2016 

Variable Observations Minimum Maximum Mean Standard 

Deviation 

Mann-

Whitney-

Wilcoxon 

 p-value 

Barium     | HH 1486 26.755 63.932 34.272 6.158 < 0.0001* 

 Barium     | LL 2420 22.192 105.571 39.415 12.580 

Bromide   | HH 1486 0.643 1.435 1.092 0.201 0.001* 

Bromide   | LL 2420 0.451 2.106 1.127 0.288 

Chloride   | HH 1486 122.241 239.276 179.362 27.343 < 0.0001* 

 Chloride   | LL 2420 74.300 293.563 185.596 44.004 

pH            | HH 1486 7.015 7.323 7.214 0.067 < 0.0001* 

 pH            | LL 2420 6.698 7.359 7.160 0.118 

Sodium    | HH 1486 58.229 161.971 97.355 20.415 0.000* 

Sodium    | LL 2420 47.297 237.186 103.405 32.464 

TDS         | HH 1486 799.654 1179.002 945.751 76.200 0.074 

TDS         | LL 2420 645.797 1381.234 953.220 126.434 

3.5 Discussion & Conclusions 

In this chapter, the quality and spatial trends of existing in situ salinity focused 

groundwater quality constitutes related to oil and gas UIC operations were reviewed.  The results 

from this chapter provide insight into the relationships between well operational parameters, and 
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groundwater quality constitutes by analyzing UIC well operations spatial distribution and 

measuring the magnitude of relationships with groundwater quality constitutes.  

During visual analysis, the spatial patterns of UIC well operations injection types and 

permitted fluids were observed. Spatially, secondary recovery wells occur mainly along the 

western border of the study area to the north and central sections.  Disposal wells are densely 

located in the southern region of the study area.  The permitted fluid combinations of Salt 

Water/Fresh Water, Salt Water/Fresh Water/Gas/ CO², Fresh Water, and Salt Water/Fresh Water/ 

CO² are observed primarily in the northern and central regions of the study area.  Small pockets 

of Salt Water/ CO² are located across the study area, and a cluster of Salt Water/Fresh 

Water/CO²/Polymer can be found to the south.  Saltwater wells present the most significant 

spatial spread with dispersal across the study area.   

SCMC analysis revealed that when considering all well operational parameters UIC 

Wells Within One Mile, Maximum Gas Injection Volume, Maximum Gas Injection Pressure, 

and the Top Injection Zone discriminate clusters within the UIC sample year datasets most 

effectively.  While SCMC helps explain the underlying structure of clustering in the dataset, 

COA allows for individual analysis of well operational parameters clustering patterns and 

provides classification to measure the magnitude of relationship to groundwater constitutes.   

The COA analysis results are provided for the sample years 2004 and 2016, allowing for 

observations in changing dynamics over the study period.  The operational parameter well counts 

within one mile HH and LL features both increased from 2004 to 2016. However, LL features 

are more prevalent in both years.  Metrics presented by the descriptive statistics on HH and LL 

features of Top and Bottom Injection Zones indicate that operators are moving on to explore 
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deeper set formations from 2004 to 2016.  Over the region, gas operations are not as common as 

liquid. However, identified locations of HH features coincide with known CO² flood fields 

operations.  Maximum Gas Pressure exhibits a decrease in frequency and average pressure for 

both HH and LL features over the study period, with a shift occurring to features only appearing 

in the central west region.  Maximum Gas Volume features an increase in frequency and average 

volume from 2004 to 2016, with more HH cluster appearing to the west of the study area.  A 

dramatic drop in frequency of Maximum Liquid Pressure features is seen from 2004 to 2016.  

Inversely, Maximum Liquid Volume displays a jump in HH features along the southern region in 

2016 and shows increases in LL features across the study area. The increase in HH features of in 

the southern region coincide with locations of high-density area disposal wells, indicating an 

increase in disposal activity by 2016.   

Leveraging the identification of HH and LL features for each well operational parameter, 

the magnitude of the relationship between the assessed groundwater constitutes from Chapter 2 

was explored.  Application of the non-parametric Mann-Whitney-Wilcoxon statistical test 

allowed for the detection of statistically significant differences in concentration at HH and LL 

features.  A confident indication of difference could indicate that a well operational parameter 

holds influence on the concentration value of the groundwater constitute (Burton et al., 2016).   

Research in this section of analysis was constrained by the secondary dataset sourced 

from TXRRC on UIC operations. Dataset population varied based on qualifications for HH and 

LL classification, as well as TXRRC data quality.  Data sourced on UIC operations had 

numerous records that were incomplete and could not be considered for analysis.  It is noted that 
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although the Mann-Whitney-Wilcoxon statistical test does not require equal populations, 

significant differences in population size may affect the accuracy of the p-value.  

The unique relationships identified by the non-parametric analysis to well operational 

parameters suggest that the salinity issue may not lie with water makeup used to fracture the 

wells but with the disposal of flowback fluid.  As noted in the TWDB groundwater constitute 

summary table in Chapter 2 (Table 2.1), Barium, Bromide, Chloride, and Sodium are all 

naturally occurring substances within the subsurface formations. In the impact analysis by 

Konkel, the disposal of flowback fluid is noted as a major concern due to a lack of affordable 

methods for treating and recycling (Konkel, 2016).   
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CHAPTER 4 

 

EVALUATING THE APPLICATION OF SPECTRAL INDICES 

 

 

4.1 Chapter Overview and Objective 

In Chapters 2 and 3, a baseline understanding of in situ data on groundwater quality 

constitutes explaining salinity and their relationship to UIC operations was researched.  Chapter 

4 will explore the potential of using spectral indices derived from Landsat 5 TM and Landsat 8 

OLI imagery to predict soil salinity acting as a substitute for in situ data.    

Within the Permian Basin extents of the Ogallala aquifer, high salinity that is associated 

with oil and gas drilling wastewater can be seen through plant life degradation and decreased soil 

permeability (Konkel, 2016).  Groundwater constitutes that contribute to brine contamination, or 

salinization, in tandem with the massive amounts of water needed to fracture wells may produce 

drought-like conditions. Impact on the health of the Ogallala aquifer can be prominently seen 

due to its shallow structure, minimal rainfall, and a combination of high evaporation and slow 

infiltration rates that cause only approximately one percent of precipitation to reach the water 

table.  (George et al., 2011; Guttentag, Edwin D., Heimes, Frederick J., Krothe, Noel C., Luckey, 

Richard R., Weeks, 1984).   

Employing correlation analysis, ten salinity spectral indices, two vegetation indices, a 

moisture index, and elevation will be evaluated on their relationship to the electrical conductivity 

(EC) derived from the groundwater constitute TDS, an overall indicator of water quality, in the 

Permian Basin extents of the Ogallala aquifer during the sample year 2004.  Utilizing the derived 
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values from satellite image analysis a multivariate regression equation will be established to 

attempt to explain the variance in soil salinity across the study region.    

4.2 Literature Review 

The use of remote sensing to monitor salinity conditions in soils has been successfully 

applied in many studies worldwide (Allbed & Kumar, 2013; Azabdaftari & Sunar, 2009; 

Metternicht & Zinck, 2003).  Detection of soil salinization utilizing satellite imagery has been 

conducted primarily using multispectral sensors such as Landsat, MODIS, SPOT, ASTER, and 

IKONOS.  These sensors offer low-cost, comprehensive coverage, and high availability but are 

limited to detection of salinization within the topsoil.  Numerous spectral indices to depict 

salinization have been developed and used with multispectral imagery with varying degrees of 

success.  Limitations of the medium to low resolution of multispectral imagery can be an issue if 

the salt-affected areas are smaller than the pixel size (Allbed & Kumar, 2013).  Metternich and 

colleagues found that if salt content is below 10-15%, multispectral sensors may have issues 

discriminating salinization from other soil components (Metternicht & Zinck, 2003).  Detection 

may also be limited in semi-arid to arid regions that have dense vegetation coverage.  However, 

some studies have successfully used the Normalized Difference Vegetation Index as an indirect 

measurement of soil salinity (Allbed & Kumar, 2013).  Even with the limitations presented by 

multispectral imagery and the environmental obstacles, researchers have successfully shown that 

spectral indices can provide accurate representations of salinization (Abbas & Khan, 2007; 

Bannari, Guedon, El‐Harti, Cherkaoui, & El‐Ghmari, 2008; Douaoui, Nicolas, & Walter, 2006; 

Khan, Rastoskuev, Shalina, & Sato, 2001).   
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4.3 Satellite Data 

Landsat 5 TM and Landsat 8 OLI level 2 data products were collected from the US 

Geological Survey (USGS) server using the Earth Explorer application, 

https://earthexporer.usgs.gov. Level 2 data products are pre-corrected surface reflectance 

products generated at 30-meter resolution.  These Landsat scenes come analysis ready with 

radiometric calibration, and atmospheric correction algorithms applied. The study area was 

inclusive of Landsat scenes collected from Paths 30 to 31 and Rows 37 to 38.  All scenes 

collected had less than 10% cloud cover and imaged during March (Table 4.1).  Metternich and 

colleagues observed that the best possibility for the identification of salt concentrations occurs 

during the dry season when vegetation coverage is at its lowest (Metternicht & Zinck, 2003).  To 

prepare for analysis collected scenes were mosaiced together within the software ArcGIS Pro by 

ESRI.   

Table 4.1. Landsat Level 2 data products 

Sensor Path Row Acquisition Date 

Landsat 5 TM 31 37 March 20, 2004 

Landsat 5 TM 31 38 March 20, 2004 

Landsat 5 TM 30 37 March 20, 2004 

Landsat 5 TM 30 38 March 20, 2004 

Landsat 8 OLI 31 37 March 21, 2016 

Landsat 8 OLI 31 38 March 21, 2016 

Landsat 8 OLI 30 37 March 21, 2016 

Landsat 8 OLI 30 38 March 21, 2016 

 

 

https://earthexporer.usgs.gov/
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4.4 Ground Truth Data 

Researchers have commonly used electrical conductivity measurements of aqueous 

substances to correlate derived salinity indices measured values (Allbed & Kumar, 2013; 

Azabdaftari & Sunar, 2009; Morshed, Islam, & Jamil, 2016).  In Chapter 2 of this dissertation, 

the groundwater constitute TDS was interpolated across the study area from in situ data collected 

by TXWDB.  The amount of TDS present within a sample correlates to the electrical 

conductivity or specific conductance (Morshed et al., 2016).  The original in situ ground 

measurements of TDS collected by TXWDB over the study area were used as ground truth 

observed data values and converted into EC using the following formulas based off the work of 

Morshed and colleagues (Morshed et al., 2016).   

I. If TDS ≤ 3,200 (mg/L), EC (ds/M) = TDS (mg/L)/640 

II. If TDS > 3,200 (mg/L), EC (ds/M) = TDS (mg/L)/840 

As previously explored in Chapter 2, a limitation of use with groundwater data collected 

from TXWDB is the sharp decrease (74%) in collected data from 2004 to 2016, see Table 2.2. 

The sample year 2004 provides the most collected data to build a model, 203 sample points that 

are effectively distributed across the study area.   

4.5 Spectral Indices 

Numerous salinity indices developed for the monitoring and mapping of salt content exist 

(Abbas & Khan, 2007; Allbed & Kumar, 2013; Bannari et al., 2008; Douaoui et al., 2006; Khan 

et al., 2001).  In addition to salinity indices, vegetation, moisture, and intensity indices can also 

act as an indirect indicator of soil salinity content (Allbed & Kumar, 2013; Azabdaftari & Sunar, 
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2009).  For the assessment of salinity content within the study area, ten salinity indices, two 

vegetation indices, and one moisture index have been chosen to be evaluated based on relevant 

literature (Table 4.2) (Allbed & Kumar, 2013; Azabdaftari & Sunar, 2009).  Spectral indices 

rasters were based on the Landsat 5 TM and Landsat 8 OLI mosaics of the study area generated 

in ArcGIS Pro. 

In addition to spectral indices, environmental factors may also have an impact on the 

spatial variability of salinity, for this reason, elevation and slope values were extracted from the 

National Elevation 30-meter dataset.  Values for the tested spectral indices and environmental 

factors were extracted at ground truth locations in ArcGIS Pro. Correlations between the indices 

and field data (EC) were calculated to observe initial relationships. 

4.6 Methods 

4.6.1 Correlation Analysis 

Relationships of measured soil salinity EC values from TXWDB to elevation and 

calculated salinity, vegetation, and moisture indices were evaluated using the Pearson correlation 

analysis.  A correlation was performed for the sample years 2004 and 2016 at 20 shared 

sampling locations during the dry season to observe if any changes occur in relationships over 

the study period.   
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Table 4.2. Spectral indices formulas and reference 

Spectral Index Equation Reference 

Normalized Differential 

Salinity Index (NDSI) 
𝑁𝐷𝑆𝐼 =  

(𝑅𝑒𝑑 − 𝑁𝐼𝑅)

(𝑅𝑒𝑑 + 𝑁𝐼𝑅)
 

(Khan et al., 2001) 

Normalized Vegetation Index 

(NDVI) 
𝑁𝐷𝑉𝐼 =  

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

(Environmental Systems Research 

Institute (ESRI), 2018) 

Normalized Moisture 
Difference Index (NDMI) 

𝑁𝐷𝑀𝐼 =  
(𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅)

(𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅)
 

(Environmental Systems Research 

Institute (ESRI), 2018) 

Salinity Index (SI1) 𝑆𝐼 = 𝑠𝑞𝑟𝑡(𝐵𝑙𝑢𝑒 ∗ 𝑅𝑒𝑑) (Khan et al., 2001) 

Salinity Index (SI2) 𝑆𝐼 = 𝑠𝑞𝑟𝑡(𝐺𝑟𝑒𝑒𝑛 ∗ 𝑅𝑒𝑑) (Douaoui et al., 2006) 

Salinity Index (SI3) 𝑆𝐼 = 𝑠𝑞𝑟𝑡(𝐺𝑟𝑒𝑒𝑛2 + 𝑅𝑒𝑑2) (Douaoui et al., 2006) 

Salinity Index (SI4) 
𝑆𝐼 =

𝐵𝑙𝑢𝑒

𝑅𝑒𝑑
 

(Abbas & Khan, 2007) 

Salinity Index (SI5) 
𝑆𝐼 =

(𝑅𝑒𝑑 ∗ 𝑁𝐼𝑅)

𝐺𝑟𝑒𝑒𝑛
 

(Abbas & Khan, 2007) 

Salinity Index (SI6) 𝑆𝐼 = 𝑠𝑞𝑟𝑡(𝐺𝑟𝑒𝑒𝑛2 + 𝑅𝑒𝑑2 + 𝑁𝐼𝑅2) (Douaoui et al., 2006) 

Salinity Index (SI7) 
𝑆𝐼 =

𝐵𝑙𝑢𝑒 − 𝑅𝑒𝑑

𝐵𝑙𝑢𝑒 + 𝑅𝑒𝑑
 

(Bannari et al., 2008) 

Salinity Index (SI8) 
𝑆𝐼 =

𝐺𝑟𝑒𝑒𝑛 ∗ 𝑅𝑒𝑑

𝐵𝑙𝑢𝑒
 

(Bannari et al., 2008) 

Salinity Index (SI9) 
𝑆𝐼 =

𝐵𝑙𝑢𝑒 ∗ 𝑅𝑒𝑑

𝐺𝑟𝑒𝑒𝑛
 

(Abbas & Khan, 2007) 

Soil Adjusted Vegetation 

Index (SAVI) 
𝑆𝐴𝑉𝐼 =  

𝑁𝐼𝑅 − 𝑉𝐼𝑆

𝑁𝐼𝑅 + 𝑉𝐼𝑆 + 𝐿 ∗ (1 + 𝐿)
 

Where L is the correction for the 

influence of soil brightness and is set to 

L = 0.5 

(Huete, 1988) 
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4.6.2 Regression Analysis 

To adequately model salinity over the region the sample year 2004 will be used for 

analysis.  Selecting the spectral indices and environmental values significantly correlated with 

measured EC values a stepwise regression will be used to evaluate the combination of bands that 

show the best correlation with measured EC values.  The regression equation will be established 

in Ordinary Least Squares (OLS) regression.   

If spatial autocorrelation is apparent spatial dependence will be accounted for by 

analyzing the established regression using the spatially autoregressive models of spatial lag and 

spatial error.  Both models are built on the basic OLS regression but introduce autocorrelation by 

lagging the dependent variable – spatial lag, or attributing autocorrelation to missing spatial 

covariates within the data – spatial error.  Both of these models introduce two different ways of 

thinking about how salinity operates within the study area.   

4.7 Results 

4.7.1 Descriptive statistics of Ground Truth Data 

A descriptive statistical analysis of measured EC data shows that in 2004 values of the 

203 samples collected ranged from 0.45 ds/m to 7.54 ds/m with the coefficient of variation (CV) 

of 60.97, indicating high variation within the dataset.  Using the TDS water classification 

schema, the 203 sampled water wells by TXWDB can be classified as 52% fresh water, 43% 

slightly saline, and 4% moderately saline (Figure 4.1).  Spatially it can be observed most of the 

moderately saline wells are occurring within the southern portion of the study area.   
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For the sample year 2016 values of the 51 samples collected ranged from 0.45 ds/m to 

6.816 ds/m with the CV of 65.72, indicating high variation within the dataset.  Using the TDS 

water classification schema, the 51 sampled water wells by TXWDB can be classified as 56% 

fresh water, 39% slightly saline, and 4% moderately saline (Figure 4.2).  The dataset from 2016 

is sparser in frequency and spatial distribution.  From 2004 to 2016 descriptive analysis of the 

datasets stay relatively the same, however by 2016 distribution of the dataset exhibits a stronger 

heavy-tailed distribution and skewness.  

Table 4.3. Ground truth data descriptive statistics 2004 and 2016 

 
Sample 

Year EC 

Values 

Observations Minimum Maximum  Mean Median Standard 

Deviation 

CV Kurtosis Skewness 

2004 203 0.4453 7.5452 1.870

4 

1.4859 1.1404 60.9

7 

3.02 1.54 

2016 51 0.457 6.816 1.721 1.378 1.313 65.7

2 

7.52 2.33 
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Figure 4.1. Distribution and water type designation of Total Dissolved Solids sampling sites 

2004 
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Figure 4.2. Distribution and water type designation of Total Dissolved Solids sampling sites 

2016 

4.7.2 Correlation Analysis 

A Pearson correlation analysis was conducted between the measured EC field values and 

derived indices to help reveal relationships.  In 2004 the values from SI1 to SI4, SI6 to SI9, 
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NDSI, and NDMI indicate moderate to weak positive correlation to measured EC values.  Values 

from SI5, NDVI, SAVI, and Elevation indicate moderate to weak negative correlation to 

measured EC values.  Only the coefficients from SI1 and SI9 appear to be significant at a 0.05 

significance level.  

Table 4.4. Pearson correlation analysis 2004, spectral values to measured electrical conductivity 

values 

 
2004 SI1 SI2 SI3 SI4 SI5 SI6 SI7 SI8 SI9 NDSI 

Pearson 

Correlation 

0.471 0.358 0.324 0.389 -0.046 0.234 0.382 0.020 0.492 0.299 

P-Value 0.036 0.122 0.163 0.090 0.848 0.320 0.096 0.934 0.027 0.201 

2004 NDVI SAVI NDMI Elevation 

Pearson 

Correlation 

-0.299 -0.299 0.088 -0.148 

P-value 0.201 0.201 0.714 0.534 

 

In 2016 the values from SI1 to SI3, SI5, SI6, SI8, SI9, NDSI, and Elevation indicate 

moderate to weak negative correlation to measured EC values.  Values from SI4, SI7, NDVI, 

SAVI, and NDMI indicate moderate to weak positive correlation to measured EC values.  Only 

the coefficients from SI4 and SI7 appear to be significant at a 0.05 significance level.      

Table 4.5. Pearson correlation analysis 2016, spectral values to measured electrical conductivity 

values 

 
2016 SI1 SI2 SI3 SI4 SI5 SI6 SI7 SI8 SI9 NDSI 

Pearson 

Correlation 

-0.213 -0.276 -0.313 0.454 -0.416 -0.341 0.447 -0.422 -0.246 -

0.207 

P-value 0.367 0.239 0.179 0.044 0.068 0.141 0.048 0.064 0.297 0.382 

2016 NDVI SAVI NDMI Elevation 

Pearson 

Correlation 

0.210 0.210 0.065 -0.364 

P-value 0.374 0.374 0.784 0.115 

 

An apparent fluctuation in the directionality of correlation relationships is present from 

2004 to 2016.  Reversing negative are SI1, SI2, SI3, SI6, SI8, SI9, and NDSI, while NDVI and 



 

125 

SAVI flip positive.  Due to the low to moderate correlation between spectral indices, elevation 

and measured EC values, the ability to detect soil salinity will be limited.  A low correlation 

could be attributed to the low spatial resolution of the Landsat sensor, or a lack of representation 

across the samples, or both.   

4.7.3 Stepwise Regression and Ordinary Least Squares Regression 

Stepwise regression for the sample year 2004, including all 203 sampling locations, 

revealed that the combination of SI5, SI8, and elevation performed the best at explaining the 

variation of soil salinity within the study area.  The initial results of the stepwise regression 

indicated residuals with a non-normal distribution; therefore the model was revised, and an 

optimal box-cox transformation parameter was applied, where λ = -0.17.  The final specified 

OLS model has an R-squared value of 0.11 and can be written as:  

𝐸𝐶−0.17 =  −0.7334 + 0.000064 𝑆𝐼5 − 0.000051 𝑆𝐼8 − 0.000275 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 

Table 4.6. Ordinary least squares 2004 model summary. Asterisk (*) denotes significant p-value. 

 
Term Coefficient Standard Error 

Coefficient 

P-Value 

EC 0.584226 0.0742302 0* 

Intercept -0.7336 0.0622884 0* 

SI5 0.000064 0.000022 0.003* 

SI8 0.000051 0.000023 0.028* 

Elevation 0.000275 0.000067 0* 

    

R-squared 0.112685 

Adjusted R-squared 0.099308 

Sum squared residual 1.34722 

Sigma-squared 0.00676997 

Standard Error of 

Regression 

0.0822798 

F-statistic 8.42403 

Lag Coefficient (Rho) 0.584226 

AIC -433.988 
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Inspecting the properties of the OLS model for 2004, it can be seen in the diagnostic 

model plots that the residuals follow a normal distribution (Figure 4.3).  This is confirmed by the 

formal Shapiro-Wilks normality test, which has a p-value of 0.1491. The residual plots show no 

apparent evidence that the model is not homoscedastic.  The formal Breusch-Pagan test reveals 

that the model has a p-value of 0.007, which rejects the null hypothesis that the errors are 

homoscedastic violating the assumption. The variance could be affected by spatial dependence in 

the data.  Since the dataset is also spatial, autocorrelation of the model residuals needs to be 

tested.  To run this test spatial weights were derived for the dataset using the Delaunay 

Triangulation method.  With an observed Moran’s I of 0.3239, a z-test of 8.2779, and a p-value 

of less than .001 indicating that spatial autocorrelation is present within the model residuals.   
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Figure 4.3. Ordinary Least Squares Regression 2004 diagnostic plots 
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4.7.4 Spatially Autoregressive Models 

To account for spatial dependence within the established OLS model, the spatially 

autoregressive models of spatial lag and spatial error were run.  To run the models a spatial 

weights file of the measured EC field values locations was generated using the rook weighting 

method.  The Lagrange Multiplier test was run to compare the fits of the OLS, spatial error, and 

spatial lags models to determine which spatially autoregressive model to apply.  When 

comparing the fits of the spatial error and spatial lag models, both tested as significant but 

showed a small difference in value with the lagrange multiplier value for the spatial error model 

at 60.22 and spatial lag model at 60.89.  Due to this minor difference, both models were run to 

determine which showed the overall better fit.   

The spatial error model r-squared has increased to 0.34, but SI8 is no longer a significant 

predictor.  Regression diagnostics indicate that the model is homoscedastic, with the Breusch-

Pagan test resulting in a p-value of 0.08661.  With an observed Moran’s I of -0.0188 and a p-

value of 0.6323, spatial autocorrelation has been removed from the residuals.  Shapiro-Wilk’s 

normality test confirm that the residuals are normally distributed with a p-value of 0.5261.   

Table 4.7. Spatial Error model summary. Asterisk (*) denotes significant p-value. 

Term Coefficient Standard Error 

Coefficient 

P-Value 

Intercept 0.729327 0.120461 0* 

SI5 -0.0000454799 0.0000190637 0.01705* 

SI8 0.0000362146 0.0000199918 0.07007 

Elevation 0.000257739 0.000125736 0.04038* 

Lambda 0.587989 0.0753879 0* 

    

Pseudo R-squared 0.336952 

Sigma-squared 0.004952 

Standard Error of 

Regression 

0.0704216 

AIC -477.652 
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In the spatial lag model r-squared has increased to 0.34 and all predictors remain 

significant.  Regression diagnostics indicate that the model is homoscedastic, with the Breusch-

Pagan test resulting in a p-value of 0.11.  With an observed Moran’s I of -0.01543 and a p-value 

of 0.6005, spatial autocorrelation has been removed from the residuals.  Shapiro-Wilk’s 

normality test confirm that the residuals are normally distributed with a p-value of 0.5324.   

Table 4.8. Spatial Lag model summary. Asterisk (*) denotes significant p-value. 

 
Term Coefficient Standard Error 

Coefficient 

P-Value 

Intercept 0.31866 0.0758048 0* 

SI5 0.0000471427 0.000018539 0.01100* 

SI8 0.0000378084 0.000019717 0.05518* 

Elevation 0.000126336 0.000059933 0.03503* 

    

Pseudo R-squared 0.340158 

Lag Coefficient (Rho) 0.584 

Sigma-square 0.00493522 

Standard Error of 

Regression 

0.0702511 

AIC -476.39 

 

Using a likelihood ratio test to compare the goodness of fit between the spatial error and 

spatial lag model, spatial lag is determined to be a better fit.  The spatial lag model has 

effectively removed the spatial dependency, and the residuals are homoscedastic while the r-

squared has significantly increased from the OLS.  Visually looking at the prediction error 

values, the model does not do better in one region versus the other, however the average error 

between predicted and measured is relatively small with a standard error of regression of 0.07 

(Figure 4.4).   
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Figure 4.4. Spatial Lag Regression Model Prediction Error 
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4.8 Discussion & Conclusions 

The research presented in this chapter has shown that within the Permian Basin area there 

is potential for salinity mapping and monitoring.  Correlation analysis of the chosen spectral 

indices and environmental parameters was poor and fluctuated in directionality over the study 

years.  While this may indicate changing dynamics within the basin itself, the correlation 

analysis cannot assume causation.  After specifying an optimal OLS model using stepwise 

regression, analysis showed that a spatial model is needed when explaining the variance of soil 

salinity of the regression.  Using the global spatially autoregressive model of spatial lag, 

approximately 34% of the variance on the response variable field measured EC values was 

explained by the predictor variables of SI5, SI8, and the local elevation values.    

This model could be further improved by the addition of environmental variables such as 

subsurface porosity and permeability.  However, these additions are not freely and readily 

available datasets and go beyond the scope of this research.   

Limitations of this study are present in the data source, sensor selection, and 

environmental factors.  The precision of the ground truth data for this study is a large factor to 

consider when assessing the success of the salinity index and vegetation index models.  The data 

used in the research was a secondary dataset with many unknowns, including sample depth 

extraction and exact methodology for extraction.  The dataset also limited the choice of analysis 

year.  With 203 sample points, the dataset of TDS from TXWDB for 2004 provided the best 

coverage across the region and therefore the best chance for a robust, reliable model.  However, 

this is an early point in time when relating to UIC activity and technology advancements, most 

strongly seen in 2008 and 2012.  Modeling performed on a later year, such as 2012 or 2016, with 
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an equal or greater number of data points may have provided stronger concentrations for 

detection.   

Spectral indices derived from higher resolution sensors, such as worldview, could 

potentially improve the quality of results.  Expansion of the models to more complex structures 

to include scene-specific band values may advance the model reliability. However, it limits the 

generalization to other study areas.    

Environmentally, areas with less than 10-15% salt concentration in the topsoil may be 

difficult to detect with multispectral sensors (Metternicht & Zinck, 2003).  As previously noted 

by Allbed and colleagues if the salt-affected areas are lower than 30 meters, the pixel size of 

Landsat, salt detection could be missed (Allbed & Kumar, 2013).  It is possible within the area 

that salt content could be masked by vegetation, urban landscape, or be located further below the 

surface than detectable by a satellite sensor.   

Differing from previous research, the application of spatially autoregressive analysis did 

show that accountancies for non-stationary is an essential factor to consider when modeling 

natural phenomena such as salinity.  The model developed provides a feasible application for 

salinity monitoring but stands to be improved.  Further exploration is needed with the inclusion 

of trusted field collected data and additional environmental explanatory variables to assess the 

presented methodology accurately.   
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CHAPTER 5 

 

SUMMATIONS 

 

 

The research presented in this dissertation was guided by three primary research 

objectives to investigate and measure the impact of UIC operations on salinity focused 

groundwater quality constitutes within the Permian Basin extents of the Ogallala aquifer.  

Utilizing existing in situ groundwater quality data collected from the TXWDB groundwater 

database, trends in water quality were explored and a baseline understanding of the salinity water 

quality data was established. An understanding of the relationship between UIC well operations 

and salinity focused groundwater constitutes was achieved by measuring and associating the 

significance in variations of groundwater constitutes.  Finally, an evaluation was completed of 

the use of spectral indices, instead of in situ data, to explain the regional variance of the 

groundwater quality constitute TDS.  The study area, chosen for its oil and gas activity trends 

and aquifer characteristics, provided a platform with robust enough data to observe impacts over 

a long-term basis.   

A risk with using secondary datasets to base analysis is the unknown factors of data 

quality and data collection; this became apparent in both the TXWDB and TXRRC datasets 

used.  While TXWDB exhibited excellent metadata on the collection, a sharp decrease in 

sampling frequency across the study period raised concern.  The TXRRC UIC dataset while 

robust in feature points varied incompleteness of well operational attributes, causing large 

population variances.  Within both datasets, however, was enough information to establish a 

baseline understanding of the study area.   
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EDA preparation of the groundwater constitutes chosen for analysis, Barium, Bromide, 

Chloride, pH, Sodium, and TDS; showed datasets with non-normal distributions that exhibited 

spikes of annual maximums in 2004, 2008, and increasing trend in 2012.  Groundwater 

constitute datasets provided enough sample points to create EBK prediction surfaces of the entire 

region for the sample years 2004, 2008, 2012, and 2016.  Observations showed mimicking 

patterns of change within Bromide, Chloride, Sodium, and TDS along the study area borders 

over the sample years, while Barium and pH stayed homogenous.  More importantly, analysis 

presented concentrations of groundwater constitutes mostly stayed within any established 

standards.  However, water within the southern region of the study area may taste salty and 

potentially be corrosive due to Chloride concentrations reaching above the primary and 

secondary established standards (100 mg/l and 300 mg/l) and TDS concentrations falling within 

the slightly to moderately saline range (1,000 to 10,000 mg/l) or brackish water (George et al., 

2011).      

The Mann-Whitney-Wilcoxon test allowed this research to test if significant differences 

occurred incrementally and over the full study period for groundwater constitute concentration 

values.  Analysis revealed patterns of significant increasing and decreasing of groundwater 

constitutes population means are echoed from the regional to the well site-specific samples.  

Generally, effects on constitute variation between incremental sample years are stronger within 

the well site-specific dataset, with more groundwater constitutes registering as significant. 

 Building upon the foundation of the groundwater constitutes analysis, the research began 

to observe the relationship between UIC well operation parameters and groundwater constitute 

concentrations. The study area is comprised mainly of secondary recovery wells to the north and 
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central regions and disposal wells to the south.  Upticks in oil and gas production can be seen in 

the early 2000s and increasing in 2012, aligning with maximum concentration spikes of 

groundwater constitutes observed in Chapter 2.   

Running COA analysis on each well operational parameter allowed for the observation of 

changing dynamics over the study period as well as a finer look at the relationship between UIC 

operations and groundwater constitute concentrations.  Base COA analysis showed operators 

moving into deeper set formations and an increase in disposal well activity to the south, with 

large injection volumes.  Using the location knowledge of well operational parameters, HH and 

LL feature Mann-Whitney-Wilcoxon testing allowed for the magnitude of the relationship 

between the individual operational parameters and groundwater constitutes to be assessed.   

The unique relationships identified by the non-parametric analysis to well operational 

parameters suggest that the salinity issue may not lie with water makeup used to fracture the 

wells but with the disposal of flowback fluid.  As noted in the TWDB Groundwater Constitute 

Summary table in Chapter 2 (Table 2.1), Barium, Bromide, Chloride, and Sodium are all 

naturally occurring substances within the subsurface formations. Observations from both Chapter 

2 and Chapter 3 support the statement that the most prominent area of change within the study 

area is the southern region.  Further research is needed to quantify why this region is more 

prominently displaying change, whether it is due to injection well type proximity or geological 

make-up.  Analysis presented in Chapters 2 and 3 elaborates upon the need presented by other 

researchers for finer scale impact analysis on disposal techniques and the long term impacts they 

may have on the region (Gallegos, Varela, Haines, & Engle, 2015; Johnston et al., 2016; Konkel, 

2016; Meik & Lawing, 2017).    
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Deviating from an analysis of the provided datasets, the last section of this dissertation 

tries to provide a solution to the data quality concern.  Utilizing remote sensing and regression 

analysis techniques spectral indices of salinity, vegetation, and moisture along with elevation 

data underwent analysis for their relationship to field measured TDS values taken by the 

TXWDB, which were converted to EC for salinity measurement.  A Pearson correlation analysis 

on common data points from the years 2004 and 2016 of the chosen spectral indices and 

environmental parameters showed weak to moderate strengths and fluctuated in directionality 

over the study period.  While this may indicate changing dynamics within the basin itself, the 

correlation analysis cannot assume causation.  After specifying an optimal OLS model using 

stepwise regression, analysis showed that a spatial model is needed when explaining the variance 

of soil salinity of the regression.  Using the global spatially autoregressive model of spatial lag, 

approximately 34% of the variance on the response variable field measured EC values was able 

to be explained by the predictor variables of SI5, SI8, and the local elevation values with a small 

standard error of regression.    

Observations from the groundwater constitutes patterns and UIC wells cluster analysis of 

Chapters 2 and 3 support the statement that the most prominent area of change within the study 

area is the southern region.  While previous studies (Burton et al., 2016; Hildenbrand, Carlton Jr, 

et al., 2016; Johnston et al., 2016; Meik & Lawing, 2017)  have focused on localized areas of 

impact using small field collected datasets, this research presents a comprehensive study at a 

regional scale.  Showing that the effects of salinity on groundwater quality can be visualized, 

measured, and potentially linked to UIC disposal operations.  In addition, the research highlights 
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that freely available secondary datasets provided by the state of Texas can be leveraged to create 

a comprehensive picture.   

Quantifying the impact of groundwater concentration change analysis from Chapters 2 

and 3 brought attention to the effects that disposal wells may be having on salinity content.  

Concerns of salinity content on the environment have been voiced but not fully extrapolated 

(Konkel, 2016).  The relationships revealed by these analyses aid in highlighting a need for more 

robust regulation extending to disposal wells, echoing the statements of previous authors (Davis, 

2012; Nicot & Scanlon, 2012; Rahm, 2011).   

While this research begins to structure an analysis method for observing change in 

salinity in relation to UIC operations, further investigation is need to quantify why the southern 

region of the study area is more prominently displaying change.  The linkage to UIC disposal 

well activity is not definitive.  Integration of environmental variables that explore the subsurface, 

such as porosity and permeability, could potentially help to strengthen the argument.  Additional 

environmental variables would also strengthen the remote sensing section of this work, allowing 

for salinity variance to be explained further.  

The methodology applied throughout this research is not specific to the Permian Basin 

nor the Ogallala aquifer.  These study areas were chosen for their oil and gas activity history and 

geological nature.  Repeatability of the methodology is dependent on the availability and status 

of other states’ oil and gas operations and water quality datasets.  The research presented in this 

dissertation can serve both as a guideline for developing procedures on an environmental 

assessment of salinity around oil and gas operations as well as a tool for oil and gas operators to 

evaluate the potential risks associated with new development areas.  While limited by data, the 
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techniques applied emphasized a need for further investigation into the interactions of disposal 

wells with the environment and established a pathway for developing a remote methodology of 

salinity observation.   
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