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Abstract 

 

Groundwater contamination by dense non-aqueous phase liquids (DNAPLs) continues to be a significant 

environmental problem. DNAPL site characterization forms the basis of DNAPL site remediation success 

and requires attention. Mathematical modelling was utilized to delineate a trichloroethene (TCE) plume 

resulting from the dissolution of DNAPL in a subsurface environment. A numerical model (DNAPL3D-

RX) was used to generate high-resolution field-scale three-dimensional groundwater concentration datasets 

(referred to as “true” plumes) and semi-analytical models (SCOToolkit3D and SWIF routine) were used to 

predict the maximum “true” plume extent. The study of SCOTookit3D found that the applied model can 

predict the maximum “true” plume extent using different monitoring framework settings and having 

different uncertainties in model input parameters, yet this tool had the limitation of over predicting 

concentrations by one to three orders of magnitude. The failure of SCOToolkit3D to accurately characterize 

the “true” plumes motivated the development of the stochastic well installation framework (SWIF) routine, 

which not only mitigated the earlier discovered failure of SCOToolkit3D but also provided a formal 

decision support tool for groundwater practitioners to reduce cost and uncertainty in developing a 

conceptual site model (CSM) by supporting monitoring well or membrane interface probe (MIP) 

installation decisions through a probabilistic approach. 

 

The study of the SWIF routine found that installing monitoring wells or MIPs within low and high 

probability target zones (a target zone is a specific probability contour range on the probability map 

generated by the routine) will likely result in a large quantity of monitoring unit installations and a 

corresponding high site characterization cost, compared to installing monitoring wells or MIPs in a medium 

level probability target zone. The results also demonstrated the successful estimation of key attributes of a 

CSM in both homogenous and heterogeneous porous media using monitoring well and MIP installations. 

The results of this research provide the necessary basis to understand the model input parameter uncertainty 
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and the site investigation strategy by optimizing the well installations required for the development of a 

meaningful CSM.  
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Chapter 1: Introduction 

1.1 Background 

1.1.1 Problem Scope 

 

Groundwater is the water found underground in the cracks and spaces in soil, sand and rock. Worldwide, 

97% of the planet’s liquid fresh water is stored in aquifers. Major aquifers are tapped on every continent, 

and groundwater is the primary source of drinking water for more than 2.5 billion people worldwide 

(UNESCO 2013). In rural areas, where centralized water supply systems are undeveloped, groundwater is 

typically the source of water. More than 95% of the rural U.S. population depends on groundwater for 

drinking water (Dieter et al. 2015). From 2010 to 2015, groundwater use in the United States increased by 

8.3% while surface water use declined by 13.9% (Dieter et al. 2015). In Canada, 8.9 million people, or 

30.3% of the population, rely on groundwater for domestic use (Statistics Canada 2020) and approximately 

two thirds of these users live in rural areas.  

 

One often thinks of water quality as a matter of taste, clarity and odour, and in terms of other properties 

which determine whether water is fit for drinking. For other users, different properties may be important. 

Most of these properties depend on the kinds of substances that are dissolved or suspended in the water. 

Both groundwater and surface water contain many constituents, including microorganisms, gases, inorganic 

and organic matters. Scientists assess water quality by measuring the amounts of various constituents 

contained in the water.  

 

Any addition of undesirable substances to groundwater caused by human activities is considered to be 

contamination. It has often been assumed that contaminants left on or under the ground will stay there. This 

has been shown to be wishful thinking. Groundwater often spreads the effects of the dumps and spills far 

beyond the site of the original contamination. Groundwater contamination is extremely difficult, and 
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sometimes impossible, to clean up using existing technologies. There are many different sources of 

groundwater contamination. Examples of these are road salt, petroleum products leaking from underground 

storage tanks, chemical fertilizers on farmland, excessive applications of chemical pesticides, leaching of 

fluids from landfills and dumpsites, and accidental spills.  

 

1.1.2 DNAPL in the Subsurface 

 

A type of contaminant that is especially troublesome is the group of chemicals known as dense non-aqueous 

phase liquids (DNAPLs). These include chemicals used in dry cleaning, wood preservation, asphalt 

operations, metal degreasing, and electrical equipment manufacturing. These substances are heavier than 

water and can migrate to significant depths below the watertable. Consequently, releases of DNAPLs are 

more difficult to delineate than releases of light non-aqueous phase liquids (LNAPLs) such as petroleum 

products. Chlorinated organic solvents like trichloroethene (TCE), are the most common DNAPLs found 

in contaminated sites, due to their widespread use in the industry as solvents and metal degreasers in past 

years. Chlorinated solvents have been found at approximately 80% of all U.S. Superfund sites with 

groundwater contamination and more than 3,000 U.S. Department of Defense sites (USEPA 2004). 

 

The remediation of DNAPL contaminated sites is recognized as a complex, difficult and expensive task 

(Kueper et al. 2014). In the past, several remediation technologies have been developed and have been 

implemented at some sites, but have typically not been sufficient to achieve a typical concentration-based 

cleanup goal in soil and groundwater (Stroo et al. 2012; NRC 2013; Kueper et al. 2014). The inability of 

remediation technologies to achieve concentration-based cleanup goals at many DNAPL-impacted sites is 

partly due to multiphase flow processes, which lead to complex DNAPL distributions and pose a challenge 

for site investigation. It has become clear that DNAPL site characterization, including a consideration of 

the uncertainty associated with it, are of critical importance for remediation (Kueper et al. 2014; Algreen et 
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al. 2015; Suthersan et al. 2015). The significance of DNAPL contamination led the Strategic Environmental 

Research and Development (SERDP) and Environmental Security Technology Certification Program  

(ESTCP) to summon two workshops 10 and 15 years ago to identify and prioritize research requirements 

(Stroo et al. 2012). These workshops focused on reducing the uncertainties associated with DNAPL source 

zone remediation and the management of decision-making scenarios. 

 

1.1.3 Site Characterization  

 

DNAPL site characterization forms the basis of DNAPL site remediation success. Various strategies and 

tools can be used to characterize DNAPL-impacted sites (Kram et al. 2001; EPA 2004; Kueper and Davies 

2009; Suthersan et al. 2015); however, these are often focused on a limited number of objectives and may 

be costly to implement (Kram et al. 2002; Liao et al. 2018). The selection of characterization tools and 

sampling locations, referred to collectively in this study as a site investigation strategy, is important. The 

results of a site investigation are typically summarized in a conceptual site model (CSM) which is a 

representation of the real system that incorporates the relevant processes and degree of coupling required 

between these processes (Pankow and Cherry 1996; SRP 2011). 

 

Various mathematical solution-based models (numerical, analytical/semi-analytical) can be used to assist 

in CSM development. Numerical solution-based models can simulate site-specific DNAPL scenarios and 

can assist in the development of a CSM of high confidence. However, these models require various spatially 

distributed parameters describing DNAPL saturation distribution (Liang and Falta 2008) within porous 

media and the permeability within the source zone, which are difficult to obtain. Additionally, these models 

are computationally expensive and require an extended run period. Adopting assumptions such as a 

homogeneous groundwater system with steady-state uniform flow, linear equilibrium sorption, and first-

order contaminant decay in the dissolved plume; numerical solution-based models can be substituted with 



4 

 

analytical/semi-analytical solution-based models. In comparison to a numerical model, analytical/semi-

analytical models are less expensive, less complex and generate results quickly. Therefore, they can be used 

to perform parametric uncertainty analysis via generating multiple realizations in a cost efficient manner.  

 

Uncertainty associated with a mathematical solution-based CSM is important to know for site 

characterization and has been studied previously (Cardiff et al. 2010; Liu et al. 2010; Parker et al. 2011; 

Lee et al. 2012; Kim et al. 2013). By means of Monte Carlo (MC) methods and Bayesian approaches, the 

uncertainty associated with a CSM can be estimated (Pankow and Cherry 1996). 

 

1.2 Research Objectives 

 

The goal of this research was to addresses the uncertainty associated with mathematical model input 

parameters in CSM development, and develop a decision support tool addressing an optimized way of 

collecting monitoring data during a site investigation. To achieve this goal, research tasks were developed 

to address the following objectives: 

 

1. Assess the ability of SCOToolkit3D (Parker et al. 2011) to estimate key hydrogeological parameters 

necessary for the development of a CSM. This was carried out by utilizing virtual high-resolution field-

scale groundwater concentration datasets and various levels of uncertainty regarding initial probability 

density functions assigned to the key hydrogeological parameters (Chapter 2). 

 

2. Introduce a formal decision support tool, referred to as a stochastic well installation framework, for 

groundwater practitioners to reduce cost and uncertainty in developing a CSM by supporting 

monitoring well installation decisions through a probabilistic approach. This framework was 
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implemented using a MC-based method. The emphasis in this study was on characterization of the 

lateral boundaries of a plume in groundwater (Chapter 3).  

 

3. Extend the formal decision support tool (Chapter 3) to cost-effectively delineate plumes in groundwater 

by using both membrane interface probes (MIPs) and conventional monitoring wells. MIPs and 

conventional monitoring wells were investigated separately to delineate two different hypothetical 

plumes of different age generated in either a homogenous or heterogeneous porous media domain, to 

assess the feasibility of applying the support tool as part of real-world site characterization (Chapter 4). 

 

1.3 Thesis Overview 

The remaining Chapters and Appendices of this thesis were organized in the following manner: 

 Chapter 2, 3 and 4 were written in stand-alone manuscript format, intended for publication in peer 

reviewed journals. S. Kalia is the first author and Dr. B.H. Kueper and Dr. K.G. Mumford are the co-

authors for all of these chapters.  

 Chapter 5 was written as a Conclusions and Recommendations chapter that summarized the material 

presented in Chapters 2, 3 and 4. 

The following Appendices contain supporting material pertaining to Chapters 2, 3 and 4; they were 

organized as follows: 

 Appendix A – Verifying the mathematical solution presented in Stochastic Well Installation Framework 

against Bio Screen-AT. 
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 Appendix B – Additional material for Chapter 3 which includes additional chapter figures.  

 Appendix C – Additional material for Chapter 4 which includes additional chapter figures.  
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Chapter 2: Acceptability of a semi-analytical model to estimate key 

hydrogeological parameters for VOC plume delineation 

2.1 Abstract 

 

DNAPL site characterization, including a consideration of the uncertainty associated with it, is of critical 

importance for remediation. Until now, no single site characterization tool or approach provides sufficient 

information to characterize the DNAPL source zone and associated plume. The development of a 

mathematical solution-based on site-specific information can help to overcome the uncertainties 

(instrument errors or interpretation or interpolation of the data from the tools). This paper illustrates the 

ability of a screening level mathematical solution-based model to estimate key hydrogeological parameters 

while lowering the uncertainties in model input parameters necessary for the development of a conceptual 

site model (CSM). This study was carried out by utilizing virtual high-resolution field-scale three-

dimensional groundwater concentration datasets and various levels of uncertainty regarding initial 

probability density functions assigned to the key hydrogeological parameters. Through this study, the 

following topics were addressed: how do sampling data alter the accuracy of a CSM, do all the model 

parameters need to be highly accurate, and to what extent is plume delineation acceptable? This study found 

that the applied screening level model can predict the maximum plume extent using two different 

monitoring Frameworks and having different uncertainties in model input parameters, yet the model has 

the limitation of over predicting concentrations by one to three orders of magnitude. 

2.2 Introduction 

 

Dense, non-aqueous phase liquids (DNAPLs) have been widely utilized in industry since the beginning of 

the 20th century. Their importance as soil and groundwater contaminants were not recognized by regulators, 

industry and researchers until the 1980s  (Kueper et al. 2003, 2014). Since the 1980s, thousands of DNAPL-
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impacted sites have been identified across North America (NRC 2013). To address DNAPL impacts, 

several in situ remediation technologies have been developed and have been implemented at some sites, 

but have typically not been sufficient to achieve a typical concentration-based cleanup goal in soil and 

groundwater (Stroo et al. 2012; NRC 2013; Kueper et al. 2014). The inability of in situ remediation 

technologies to achieve concentration-based cleanup goals at many DNAPL-impacted sites is partly due to 

multiphase flow processes, which lead to complex DNAPL distributions and pose a challenge for site 

investigation. However, it has also become clear that DNAPL site characterization, including a 

consideration of the uncertainty associated with it, are of critical importance for remediation (Kueper et al. 

2014; Algreen et al. 2015; Suthersan et al. 2015). 

 

EPA (2004) has listed 45 DNAPL site characterization tools and approaches (geophysical and non-

geophysical), yet no single tool or approach provides sufficient information to characterize the DNAPL 

source zone and plume. Many of the tools and approaches are costly, and have site-specific advantages and 

disadvantages (Kram et al. 2001, 2002). Two types of uncertainties arise while obtaining the results from 

these tools and approaches; (1) the uncertainty in the data that comes from these tools (instrument errors), 

and (2) the uncertainty in the interpretation or interpolation of those data. The combination of these 

uncertainties (Liu et al. 2010) can result in an uncertain conceptual site model (CSM). 

 

A CSM is a representation of the real system that incorporates the relevant processes and degree of coupling 

that occurs between these processes (Pankow and Cherry 1996; SRP 2011). Because there are uncertainties 

associated with characterization tools and approaches, and the fact that placing monitoring wells at every 

possible location is not cost-effective or even possible, site professionals often employ various 

approximation-based mathematical models (numerical, analytical/semi-analytical) to assist them in CSM 

development. Information gained from mathematical models has the potential to lower site investigation 

costs and provide risk scenarios related to the specific site in a reasonable timeframe (Kueper et al. 2014). 
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Nonetheless, at a site with a high degree of heterogeneity, complex contaminant phases distributions, and 

back-diffusion from low permeability zones, the development of a mathematically-based accurate CSM is 

challenging (Unger et al. 1998; Dekker and Abriola 2000; Parker and Park 2004; Soga et al. 2004). 

 

Several numerical solution-based two-dimensional flow and transport models (Maxwell 1998; Sale and 

McWhorter 2001; Falta 2003; Mayer and Endres 2007) and three-dimensional multiphase flow and 

transport models (Abriola and Pinder 1985; Falta et al. 1995; Delshad et al. 1996; Duffield 1996; Clement 

et al. 1998; Zheng et al. 1999; Parker et al. 2008; West and Kueper 2012) have been developed over the 

past three decades that can solve the complex site-specific DNAPL problem and can assist in the 

development of a CSM with reduced uncertainty (i.e. a deterministic representation). However, these 

models require various spatially distributed parameters describing DNAPL saturation (Liang and Falta 

2008) and permeability within the source zone, which are difficult to obtain. Additionally, these models 

can be computationally expensive and require an extended run period. 

 

Adopting assumptions such as homogeneous permeability and steady-state uniform flow, a single phase 

flow, linear equilibrium sorption, and first-order contaminant decay in the plume; numerical models can be 

substituted with analytical/semi-analytical solution-based models. Several analytical/semi-analytical 

solution-based models, which include one-dimensional (Ogata and Banks 1961; Hunt 1978; Domenico and 

Robbins 1985), two-dimensional (Cleary and Ungs 1978; Domenico 1987; Javandel et al. 1991; Robinson 

and Bedient 1991; Powers et al. 1994; Park and Parker 2005; Parker et al. 2008) and three-dimensional 

models (Wexler 1992; Newell et al. 1996), allow simulation of groundwater flow and solute transport and 

can help in the development of a CSM. Models are available to predict solute concentration as a function 

of the degree of source removal (Sale and McWhorter 2001), to define relationships between source mass 

and source strength (Huntley and Beckett 2002; Parker and Park 2004; Falta et al. 2005; Cardiff et al. 2010), 

and to predict flow averaged source concentration and source mass (Rao et al. 2002; Zhu and Sykes 2004; 
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Falta et al. 2005). Many of these models have been widely used and implemented in various software 

programs such as BIOCHLOR (Aziz et al. 2000), BIOSCREEN (Newell et al. 1996; Kram et al. 2002; EPA 

2004; Powell and Silfer 2005), LNAST (Huntley and Beckett 2002), Natural Attenuation Software (NAS) 

(Widdowson 2004), REMChlor (Falta 2008) and PREMChlor (Falta et al. 2012). All these models generate 

results faster and are comparably less expensive and less complex than numerical models.  

 

Both numerical and analytical/semi-analytical models require hydrogeological input parameters, although 

these parameters differ from model to model. Because these input parameters are inferred under a certain 

level of uncertainty coming from either instrument errors or data interpretation errors, a prior analysis of 

uncertainty in input parameters, referred to as parametric uncertainty analysis, is required for the 

development of an accurate CSM. One can create multiple realizations using analytical/semi-analytical and 

numerical models. However, analytical/semi-analytical models have the advantage of fast run times over 

numerical models, which makes multiple realizations and parametric uncertainty analysis practicale. 

Various studies involving parametric uncertainty analysis (Cardiff et al. 2010; Liu et al. 2010; Lee et al. 

2012; Kim et al. 2013) have been conducted in the past for DNAPL site characterization and remediation. 

However, a detailed study of site characterization involving variability in parameter uncertainty is still 

required to assess success or failure of achieving concentration-based cleanup goals at DNAPL impacted 

sites. 

 

The objective of this paper is to assess the ability of a screening level semi-analytical model to estimate key 

hydrogeological parameters necessary for the development of a conceptual site model. This is carried out 

by utilizing virtual high-resolution field-scale groundwater concentration datasets and various levels of 

uncertainty regarding initial probability density functions assigned to the key hydrogeological parameters. 
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2.3 Methodology 

2.3.1 Mathematical approach 

 
In this study, a simulated plume is used in place of a field site to test the acceptability of a semi-analytical 

model in estimating key hydrogeological parameters for plume delineation. This simulated plume is 

referred to as the “true” realization and was generated using a numerical model with known parameters, 

also referred to as the “true” parameters.  

 

An acceptability framework of a semi-analytical model is illustrated in Figure 2-1. At first, sampling data 

are collected from pre-chosen monitoring locations on the “true” realization via virtual site investigation. 

The term “virtual site investigation” refers to a data-mining process applied to the “true” realization 

resulting in the concentration dataset obtained at chosen monitoring locations. In addition to the sampling 

data collected at the chosen monitoring locations, the initial set of input parameters required for the semi-

analytical model is selected. Few of the initial parameters are considered to be non-deterministic and are 

defined under a constant uncertainty. These non-deterministic parameters are calibrated using the sampling 

data collected resulting in a set of calibrated parameters. With the calibrated set of input parameters, a 

plume realization is generated referred to as a “predicted” realization and is compared against the “true” 

realization. The realizations comparison is based on the maximum plume extent, defined by the 5 µg/L 

contour.  
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Figure 2-1: An acceptability framework 

 

Through this acceptability framework, the answers to the following questions are explored:  

1. How do the sampling data alter the predicted realization? 

2. Do all the calibrated parameters need to be accurately or closely predicted to the “true” parameters in 

delineating the “true” realization?  

3. To what extent is a predicted realization acceptable to the “true” realization? 

 

In this study, the numerical model DNAPL3D-RX (Kueper et al. 2014) is used for the generation of the 

“true” realization and a stochastic cost optimization toolkit, SCOToolkit3D (Parker et al. 2011), is used for 

calibrating the input parameters and generating the “predicted” realization. 

2.3.2 True realization  

 

A single “true” realization is generated in a heterogeneous permeability field using a numerical model, 

DNAP3D-RX. This realization was generated as part of a separate study (SERDP project number ER-2313) 

prior to conducting this study. DNAPL3D-RX is a three-dimensional (3D) two-phase groundwater flow 

and reactive transport model and has been extensively developed by numerous authors in the past (Kueper 

and Frind 1991; Gerhard and Kueper 2003b, 2003a, 2003c; Grant et al. 2007; West 2009). Governing 
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multiphase flow equations (Gerhard and Kueper 2003b; Grant et al. 2007) and mobile species contaminant 

transport (Clement 1997; Clement et al. 1998) permit the accurate simulation of DNAPL migration during 

release and subsequent redistribution in a heterogeneous permeability field followed by dissolution and 

reactive transport. The dissolution and reactive transport components of the numerical model result in a 

dissolved phase contaminant plume which was investigated during this study. The list of input parameters 

used by the numerical model for generating the numerical “true” realization is presented in Table 2-1. 

 

An initial release of 11,058 kg of trichloroethene (TCE) DNAPL was made at the top of the domain (z = 0 

m) located at 28.8 m in the x-direction (parallel to mean groundwater flow) and 87.2 m in the y-direction 

(perpendicular to mean groundwater flow). This resulted in a subsurface DNAPL source zone 

approximately 37 m wide (y-axis) and approximately 7 m (z-axis) down from the water table. Dissolution 

and reactive transport were then simulated for the next 30 years, including sorption and first-order decay.  

 

The “true” realization was generated within a 126.0 m (x-direction) × 75.60 m (y-direction) × 10.05 m (z-

direction) domain at a resolution of 1.2 m in the horizontal plane (longitudinal and transverse directions) 

and 0.15 m in the vertical direction. The “true” realization domain was created as a heterogeneous 

permeability field consisting of unconsolidated porous media with spatially-correlated random values of 

intrinsic permeability (𝑘). The permeability field was generated using the FGEN 9.1 algorithm (Robin et 

al., 1991) based on the mean and variance values listed in Table 2-1. Intrinsic permeability was assumed to 

follow a log-normal distribution. The nugget effect in the FGEN algorithm was set to zero. The fraction of 

organic carbon (𝑓𝑜𝑐) was treated as a positively-correlated random value to contribute to the heterogeneity. 
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Table 2-1: Set of input “true” parameters used for generating the “true” realization in heterogeneous 

porous media. 

Parameter Description Value 

𝑥[𝑚], 𝑦[𝑚], 𝑧[𝑚] Domain length, domain width, domain depth  126, 75.60, 10.05 

∆𝑥[𝑚], ∆𝑦[𝑚]  Horizontal plane resolution 1.2, 1.2 

∆𝑧[𝑚] Vertical resolution 0.15 

∇ℎ[−] Hydraulic gradient 5.00E-03 

ρ𝑤[𝑔 𝑐𝑚
−3] Water density 0.999 

ρ𝑏[𝑔 𝑐𝑚
−3] Soil bulk density 1.90 

ρ𝑇𝐶𝐸[𝑔 𝑐𝑚
−3] (1) TCE density 1.460 

μ𝑤[𝑝𝑎 𝑠
−1] Water viscosity 1.39E-03 

μ𝑇𝐶𝐸[𝑝𝑎 𝑠
−1] (1) TCE viscosity 5.70E-04 

𝛽𝑠𝑜𝑖𝑙[𝑝𝑎
−1] (2) Soil matrix compressibility  1.00E-07  

𝛽𝑤𝑎𝑡𝑒𝑟[𝑝𝑎
−1] (2) Fluid compressibility 4.40E-10  

𝑘[𝑚2 ] Geometric mean permeability 9.5E-13  

𝐾[𝑚 𝑑𝑎𝑦−1 ] Geometric mean hydraulic conductivity 0.60 

α𝑥[𝑚] Longitudinal dispersivity 1.00E-02 

α𝑦[𝑚] Transverse horizontal dispersivity 1.00E-03 

α𝑧[𝑚] Transverse vertical dispersivity 1.00E-04  

τ[−](2) Tortuosity factor  0.70  

λ[𝑠𝑒𝑐−1] TCE decay to cDCE first-order coefficient  4.40E-09 

θ[−] Aquifer porosity 0.30  

q𝑤[m 𝑑
−1] Groundwater Darcy’s flux 0.015  

D𝑇𝐶𝐸
0 [𝑐𝑚2 𝑠−1] TCE free-water diffusion coefficient  9.10E-06  

D𝑐𝐷𝐶𝐸
0 [𝑐𝑚2 𝑠−1] cDCE free-water diffusion coefficient  1.13E-05  

K𝑜𝑐,𝑇𝐶𝐸[𝑙 𝑘𝑔
−1] (1) TCE organic carbon-water partition coefficient 126.00 

K𝑜𝑐,𝑐𝐷𝐶𝐸 [𝑙 𝑘𝑔
−1](1) cDCE organic carbon-water partition coefficient 86.00 

𝑅𝑇𝐶𝐸[−] Average TCE retardation factor  3.39   

𝑅𝑐𝐷𝐶𝐸[−] Average cDCE retardation factor 2.63  

𝜇ln 𝑘[𝑙𝑛 𝑚
2] Mean log permeability -27.63 

𝜎ln𝑘
2 [𝑙𝑛 𝑚2]2 Variance log permeability 1.00 

𝑓𝑜𝑐  [−] Mean fraction of organic carbon content 0.003 
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𝜎𝑓𝑜𝑐
2 [−] Variance of log fraction of organic carbon content 0.3543 

ζln 𝑓𝑜𝑐 ,ln𝑘 [−] Cross correlation slope between ln 𝑓𝑜𝑐  and ln 𝑘 0.608 

λ𝐻[m]
(3) Horizontal correlation length 5 

λ𝑉[m]
(3) Vertical correlation length 0.5 

 
(1) Parameter from Pankow and Cherry (1996) 

(2) Parameter from Freeze and Cherry (1979) 

(3) Correlation lengths are applied equally for k and foc, and are set to be horizontally isotropic. 

 

The following boundary conditions were applied for the multiphase flow module: 

 

a) Top boundary face: A zero-flux boundary condition for both the wetting and non-wetting phases is 

specified along the entire top face of the model domain, except for during the initial DNAPL release, 

when the release portion of the top face is specified as a constant wetting phase pressure (P𝑤 = 0; at 

the water table), and a constant effective wetting phase saturation (𝑆𝑒 = 0). 

 

b) Bottom boundary face: A zero-flux boundary condition for both the wetting and non-wetting phases. 

 

c) Up-gradient and down-gradient faces (longitudinal direction): These faces are specified as zero non-

wetting phase flux, constant wetting phase pressure boundaries. Values for the wetting phase pressures 

are selected to represent an ambient hydraulic gradient (∇ℎ) of 0.005 throughout the model domain. 

 

d) Left and right vertical faces parallel to flow: These faces are specified as zero non-wetting phase flux 

and constant wetting phase pressure boundaries. 

 

  



19 

 

2.3.3 Sampling data 

 
In this study, two different monitoring Frameworks, Framework 1 – transect grid, and Framework 2 – 

judgement based, were selected for collecting the sampling data. These frameworks are different based on 

the location of monitoring wells and provide variability in overall data collection. A total of 25 

monitoring well locations were selected for each of the two monitoring Frameworks. The number of 

monitoring wells were determined to be sufficient in this study for covering the overall maximum extent 

of the “true” realization defined by the maximum contaminant level (MCL), but additional well locations 

can be chosen if required for different conditions. 

 

Framework 1 has equidistant placement of five monitoring wells in five transect grids. The first transect 

grid is located 2 m down-gradient of the source’s down-gradient edge. Down-gradient of this transect 

grid, four transect grids are placed with five monitoring wells along each. The fifth transect grid is located 

1 m down-gradient of the adopted MCL (5 µg/L). Framework 2 has the arbitrary placement of 25 

monitoring wells on a judgement-based decision of the authors. Because the “true” realization is fully 

accessible in this study, two-screen monitoring wells are installed at the location where contaminant 

presence (above MCL) is identified on the “true” realization; otherwise a single-screen monitoring well is 

installed. This process of installing single- or two-screen monitoring wells aims to gather optimal 

contaminant sampling data, allowing the semi-analytical model to calibrate parameters as precisely as 

possible and predicting the realization closer to the “true” realization.    

 

A quarterly based sampling program is conducted for a continuous period of 10 years, starting after 20 

years of source dissolution in the “true” realization. The 10-year duration of sampling was determined to 

be sufficient in this study but can be changed if required for different conditions. The concentration data 

obtained from the monitoring well locations represent the flux weighted concentration (Equation 2-1) and 

are calculated over a 3 m screen length.  For example, the concentration data of a single-screen well location 
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(z = 5.025 m) represents the flux-weighted concentration between 3.525 m and 6.525 m, whereas for the 

two-screen well locations (z = 2.85 m and z = 7.2 m), represents the flux-weighted concentration between 

1.35 m and 4.35 m, and between 5.7 m and 8.7 m, respectively. These flux-weighted concentrations were 

calculated as: 

 

𝐶𝑠,𝑓𝑤
𝑤 =

∑(√𝑞𝑤,𝑥
2 + 𝑞𝑤,𝑦

2  ) 𝐶𝑠
𝑤

∑√𝑞𝑤,𝑥
2 + 𝑞𝑤,𝑦

2  

 (Equation 2-1) 

 

where 𝐶𝑠,𝑓𝑤
𝑤  is the flux-weighted solute concentration in the water phase, 𝑞𝑤  is the groundwater Darcy flux, 

and 𝐶𝑠
𝑤 is the solute concentration in the water phase.  

 

2.3.4 Initial parameters  

 

The initial parameters required for the semi-analytical model in predicting the “true” realization were 

separated into two parts: the deterministic parameters and the non-deterministic parameters. The 

deterministic parameters were chosen from the “true” parameters whereas the non-deterministic parameters 

were initially estimated from the “true” parameters. In total, 13 different non-deterministic parameters were 

chosen. Some parameters were each assigned to two different sources (S1 and S2): contaminant mass, 

contaminant dissolution rate, contaminant mass discharge rate, and source dimension.  Others were applied 

to the entire domain: solute decay coefficient, Darcy flux, longitudinal dispersivity, vertical dispersivity, 

and transverse dispersivity. Having two sources was necessary in this study as the semi-analytical model in 

the toolkit simulates a 2D vertically-averaged plume if only a single source is defined.  Based on preliminary 

simulations, defining two sources was chosen to provide a balance between large input requirements and 
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the potential to reproduce key aspects of the 3D “true” realization. The lists of deterministic and non-

deterministic parameters are presented in Table 2-2 and Table 2-3, respectively.  

 

Table 2-2: Set of deterministic parameters for the semi-analytical model. 

Parameter Description Value 

𝑡𝑠[𝑦𝑟] Initial source deposition date 0 

𝑡0[𝑦𝑟] Final source deposition date 0 

𝑡𝑐𝑎𝑙[𝑦𝑟] Calibrated time 20 

𝐿𝑥[𝑚] Source length parallel to the flow direction 12 

𝐿𝑧[𝑚] Source thickness 10 

𝐸[𝑚] Easting of the center of source 28.8 

𝑁[𝑚] Northing of the center of source 37.2 

𝜃[𝑚] Aquifer porosity 0.3 

𝜌𝑏[𝑘𝑔𝑚
−3] Dry bulk density 1890 

𝐾𝑑[𝑚] Soil-water partition coefficient for mobile species 6.21E-04 

𝐷0[𝑚
2𝑑−1] Molecular diffusion coefficient in bulk solution 8.86E-05 

𝐴𝑇[𝑚] Aquifer thickness 10 

λ[𝑑−1]∗ TCE first-order decay coefficient  1.80E-04 

 
The non-deterministic contaminant source parameters, contaminant mass and contaminant dissolution rate, 

were estimated (Equations 2-2 and 2-3) by accessing the “true” realization at a reference time period of 20 

years: 

 

𝑀𝑡  = ∑ 𝑆𝑡,𝑖𝑉𝑐𝑒𝑙𝑙𝜃𝜌𝑐 

𝑛𝑜𝑑𝑒

𝑖

 (Equation 2-2) 

𝐽𝑑 =
𝑀𝑡+1 −𝑀𝑡

𝑡
 (Equation 2-3) 

 



22 

 

where 𝑀𝑡 is the contaminant mass at a given time,  𝑆𝑡,𝑖 is the contaminant saturation at a node at a given 

time, 𝑉𝑐𝑒𝑙𝑙 is the cell volume, 𝜃 is the aquifer porosity, 𝜌𝑐 is the contaminant density, and  𝐽𝑑 is the 

contaminant dissolution rate.  

 

The other non-deterministic source parameters such as the contaminant source thickness and the 

contaminant source width were estimated by measuring the extent of the non-wetting phase saturation field 

in the “true” realization. The non-deterministic aquifer parameter, groundwater Darcy flux, was estimated 

(Equation 2-4) from the groundwater discharge rate measured at various monitoring locations given that 

steady-state flow was obtained at those monitoring locations: 

 

𝑞𝑤 = √(𝑄𝑥𝛥𝑧𝛥𝑦)
2 + (𝑄𝑦𝛥𝑧𝛥𝑥)

2 (Equation 2-4) 

 

where 𝑄 is the steady state flow rate, and 𝛥𝑥, 𝛥𝑦 and 𝛥𝑧 are the grid discretization in the horizontal plane 

(longitudinal and transverse directions) and the vertical direction, 𝑞𝑤 is the groundwater Darcy flux, 𝐾 is 

the geometric mean hydraulic conductivity, 𝛥ℎ is the hydraulic gradient, 𝛾 is the flow factor, 𝜆H is the 

horizontal correlation length, and 𝜎𝑌
2 is the variance in permeability. 

 

The other non-deterministic aquifer parameter, the effective macroscopic dispersivity (Equation 2-6), was 

estimated using flow factor (Equation 2-5, Gutjahr et al. 1978), horizontal correlation length, and variance 

in permeability: 

 

𝛾 = 1 +
𝑞𝑤
𝐾𝛥ℎ

 (Equation 2-5) 

αeff =
𝜆H𝜎𝑌

2

𝛾2
 (Equation 2-6) 

 



23 

 

Using all the non-deterministic input parameters, three different precision sets of parameters were 

generated; Low Precision (LP), Medium Precision (MP), and High Precision (HP). Each of these precision 

sets were different based on the value of standard deviation of log normal distributions (𝜎𝑙𝑛) assigned to 

each of the non-deterministic input parameters. The log-normal standard deviations; 1.0, 0.50 and 0.25 were 

assigned to the LP, MP, and HP sets, respectively. A high value of 𝜎𝑙𝑛 (i.e. 1.0, LP) represents a scenario 

in which all the non-deterministic initial parameters are highly uncertain, whereas a low value of 𝜎𝑙𝑛 (i.e. 

0.25, HP) represents a scenario in which all the non-deterministic initial parameters are reasonably certain.  

 

In each of these precision sets (LP, MP, and HP), the non-deterministic initial input parameters and the 

respective 𝜎𝑙𝑛 values were used to create various log-normal distributions. A random set of 1,000 

realizations for each non-deterministic initial input parameters was generated from these log-normal 

distributions, and the upper and lower limit for each non-deterministic initial input parameter in each 

precision set were estimated (Table 2-3) to set up the upper and lower bound limit of each parameter in the 

parameter calibration process. 
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Table 2-3: Set of non-deterministic input parameters with different precision sets and the “true” parameter 

Parameter True 

Value 

Low Precision a Medium Precision a High Precision a 

Prior b LB UB Prior c LB UB Prior d LB UB 

𝐽0,1
′ [kg d−1]∗ 3.98E-02 6.58E-02 3.27E-03 1.32E+00 4.51E-02 1.01E-02 2.02E-01 4.11E-02 1.94E-02 8.69E-02 

M𝑐𝑎𝑙,1[kg]
∗ 5.23E+03 8.64E+03 4.30E+02 1.74E+05 5.93E+03 1.32E+03 2.66E+04 5.40E+03 2.55E+03 1.14E+04 

β1[−] - 8.27E-01 4.12E-02 1.66E+01 5.67E-01 1.27E-01 2.54E+00 5.16E-01 2.44E-01 1.09E+00 

𝐿𝑦,1[m] 1.68E+01 2.78E+01 1.38E+00 5.58E+02 1.91E+01 4.25E+00 8.55E+01 1.74E+01 8.19E+00 3.67E+01 

𝐽0,2
′ [kg d−1]∗ 5.04E-02 8.34E-02 4.15E-03 1.67E+00 5.72E-02 1.28E-02 2.56E-01 5.20E-02 2.46E-02 1.10E-01 

M𝑐𝑎𝑙,2[kg]
∗ 5.13E+03 8.48E+03 4.22E+02 1.70E+05 5.82E+03 1.30E+03 2.61E+04 5.30E+03 2.50E+03 1.12E+04 

β2[−] - 8.27E-01 4.12E-02 1.66E+01 5.67E-01 1.27E-01 2.54E+00 5.16E-01 2.44E-01 1.09E+00 

𝐿𝑦,2[m] 1.80E+01 2.98E+01 1.48E+00 5.98E+02 2.04E+01 4.56E+00 9.16E+01 1.86E+01 8.78E+00 3.94E+01 

q𝑤[md
−1] 4.50E-03 7.44E-03 3.71E-04 1.50E-01 5.11E-03 1.14E-03 2.29E-02 4.65E-03 2.20E-03 9.84E-03 

α𝑥[m] 2.12E+00 3.51E+00 1.75E-01 7.04E+01 2.41E+00 5.37E-01 1.08E+01 2.19E+00 1.03E+00 4.63E+00 

α𝑦/α𝑥[−] 2.12E-01 3.51E-01 1.75E-02 7.04E+00 2.41E-01 5.37E-02 1.08E+00 2.19E-01 1.03E-01 4.63E-01 

α𝑧/α𝑥[−] 2.12E-02 3.51E-02 1.75E-03 7.04E-01 2.41E-02 5.37E-03 1.08E-01 2.19E-02 1.03E-02 4.63E-02 

λ[𝑑−1] 3.80E-04 6.29E-04 3.13E-05 1.26E-02 4.31E-04 9.62E-05 1.93E-03 3.92E-04 1.85E-04 8.31E-04 

 
a Assumed log-normal distribution 

b Geometric mean with log-normal standard deviation of 1.00   

c Geometric mean with log-normal standard deviation of 0.50 

d Geometric mean with log-normal standard deviation of 0.25  

* Source mass and discharge rate, are on the estimated at 20 years of plume evolution.   
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2.3.5 Parameter calibration and the predicted realization 

 

In this study, two modules of SCOToolkit3D: (1) a parameter estimation and uncertainty module, and (2) 

a physical module with a semi-analytical DNAPL source depletion and transport model were utilized. These 

modules have been developed by several authors over the past few years (Parker and Park 2004; Park and 

Parker 2005; Parker et al. 2008, 2010, 2012; Cardiff et al. 2010; Liu et al. 2010, 2012; Parker and Kim 

2015) and have been used at various DNAPL impacted sites such as Dover Air Force Base (Lee et al. 2012), 

and East Gate Disposal Yard (Kim et al. 2013) for the purpose of optimizing remediation cost under 

uncertainty. 

  

The parameter estimation and uncertainty modules use the inverse modeling technique (Cardiff et al. 2010; 

Lee et al. 2012) with a restricted maximum likelihood algorithm, which estimates the likelihood by 

approximately marginalizing over the uncertain parameters and then finding the maximum likelihood 

estimate (Kitanidis 1987): 

 

− ln𝑝(𝑠|𝑦, 𝜃) ∝
1

2
(𝑦 − ℎ(𝑠))

𝑇
𝑅(𝜃)

−1
(𝑦 − ℎ(𝑠)) +

1

2
(𝑠 − 𝑠∗)𝑇𝑄−1(𝑠 − 𝑠∗) (Equation 2-7) 

 

where 𝑦 is the field measurement vector, 𝑠 is the parameter values vector, 𝑠∗ is the prior parameter 

estimation vector, ℎ(𝑠) is the simulation model returning the vector of model prediction given 𝑠, 𝑅(𝜃) is 

the covariance matrix of measurement errors dependent on 𝜃, 𝜃 is the error magnitudes vector, and 𝑄 is the 

covariance matrix of initial parameter estimates. 

 

The physical module consists of two components: (1) a source dissolution component (Parker and Park 

2004; Park and Parker 2005) that generates the net source mass flow rate (Equation 2-8) and (2) a three-

dimensional mono-continuum advection-dispersion component (Equation 2-9), which dictates the 
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hydrodynamic dispersion (no back diffusion) coupled by diffusion and mass transfer equations (Parker and 

Kim 2015) for the dissolved plume transport: 

 

𝐽𝑡2 = 𝐹𝑚𝑡 𝐽𝑡1 (
𝑀𝑡2
𝑀𝑡1

)

𝛽

 (Equation 2-8) 

𝐶(𝑥, 𝑦, 𝑧, 𝑡) =
1

𝐿𝑦𝐿𝑧𝜃
∫ 𝐽′(𝜍)𝑓𝑥(𝑥, 𝑡 − 𝜍)𝑓𝑦(𝑦, 𝑡 − 𝜍)𝑓𝑧(𝑧, 𝑡 − 𝜍)𝑑𝜍
𝑡

0

 (Equation 2-9) 

 

where 𝐽(𝑡) is the dissolution rate or mass dissolution rate (i.e. how much DNAPL mass is dissolving in a 

unit volume of aqueous phase with respect to time (𝑡),  𝐹𝑚𝑡  is the time dependent mass transfer 

enhancement factor (dimensionless), M(𝑡) is the source contaminant mass remaining at time (𝑡), 𝛽 is the 

depletion exponent which reflects the source architecture of DNAPL, 𝑓𝑥(𝑥, 𝑡 − 𝜍) is the solution in the x-

direction for instantaneous unity mass injection, 𝑓𝑦(𝑦, 𝑡 − 𝜍) is the dispersion solution in the y-direction 

and 𝑓𝑧(𝑧, 𝑡 − 𝜍) is the z-direction dispersion solution. 

 

2.3.6 Example implementation of the acceptability framework 

 
To demonstrate the acceptability of a semi-analytical model in predicting the “true” realization, the 

framework was applied to six different case studies (all combinations of three different input precision 

sets and two different monitoring Frameworks). In each of these case studies, at first, a parameter 

calibration was conducted using a monitoring framework and then a predicted realization was generated 

using the calibrated parameters for a monitoring framework.  

2.4 Results and Discussion 

2.4.1 True realization 

 

The “true” realization is depicted in Figure 2-2 along with the two different monitoring Frameworks (green 

dots for Framework 1 and yellow diamonds for Framework 2) with a total of 25 monitoring wells for each 



27 

 

framework. The “true” realization maximum plume extents are 88 m, 28 m and 10 m (longitudinal direction, 

transverse direction and vertical direction), defined by the location of the 5 µg/L concentration contour. 

 

 

 

 

 

 

Figure 2-2: a) Top view at 5 m depth from the water table, and b) vertical cross-sectional view along the 

centerline of the plume for the “true” realization after 30 years of dissolution from the constant source. 

Green dots represent the monitoring well locations of Framework 1 and yellow diamonds represent the 

monitoring well locations of Framework 2, installed after 20 years of dissolution from the constant source. 

 

2.4.2 Parameter calibration 

 

The list of calibrated parameters resulting from the parameter estimation and uncertainty module of the 

SCOToolkit3D using two monitoring Frameworks (1 and 2) is presented in Table 2-4. 

 

  

(a) (b) 
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Table 2-4: List of calibrated parameters resulted from low, medium and high precision sets using 

monitoring Frameworks 1 and 2. 

Parameter Low Precision a Medium Precision a High Precision a 

Mean b St Dev c Mean b St Dev c Mean b St Dev c 

Framework 1       

𝐽0,1
′ [kg d−1]∗ 6.60E-02 0.17 7.25E-02 0.25 8.69E-02 0.25 

M𝑐𝑎𝑙,1[kg]
∗ 7.73E+03 0.99 2.62E+04 0.50 5.16E+03 0.25 

β1[−] 1.00E+00 0.99 9.97E-01 0.50 5.41E-01 0.25 

𝐿𝑦,1[m] 1.63E+01 0.03 1.28E+01 0.04 8.19E+00 0.08 

𝐽0,2
′ [kg d−1]∗ 1.17E-01 0.17 2.56E-01 0.34 8.41E-02 0.15 

M𝑐𝑎𝑙,2[kg]
∗ 1.68E+04 0.99 6.26E+03 0.48 5.24E+03 0.25 

β2[−] 9.66E-01 0.99 1.00E+00 0.47 5.22E-01 0.25 

𝐿𝑦,2[m] 1.53E+01 0.02 1.18E+01 0.03 8.78E+00 0.09 

q𝑤[md
−1] 3.44E-03 0.02 2.72E-03 0.02 2.27E-03 0.03 

α𝑥[m] 1.83E-01 0.09 5.37E-01 0.07 1.03E+00 0.08 

α𝑦/α𝑥[−] 3.74E-02 0.16 5.37E-02 0.07 1.03E-01 0.08 

α𝑧/α𝑥[−] 5.75E-02 1.00 1.08E-01 0.46 2.13E-02 0.25 

λ[𝑑−1] 3.67E-05 0.97 9.62E-05 0.45 1.86E-04 0.21 

Framework 2       

𝐽0,1
′ [kg d−1]∗ 3.28E-03 0.32 5.21E-02 0.25 7.47E-02 0.18 

M𝑐𝑎𝑙,1[kg]
∗ 2.36E+04 1.00 5.46E+03 0.50 5.22E+03 0.25 

β1[−] 4.07E-01 1.00 6.20E-01 0.50 5.35E-01 0.25 

𝐿𝑦,1[m] 2.34E+01 0.02 1.65E+01 0.03 8.86E+00 0.09 

𝐽0,2
′ [kg d−1]∗ 3.06E-01 0.35 1.20E-01 0.25 1.05E-01 0.18 

M𝑐𝑎𝑙,2[kg]
∗ 1.16E+04 0.96 5.99E+03 0.50 5.14E+03 0.25 

β2[−] 9.99E-01 0.95 5.52E-01 0.50 5.35E-01 0.25 

𝐿𝑦,2[m] 1.49E+01 0.02 1.57E+01 0.02 8.78E+00 0.09 

q𝑤[md
−1] 3.53E-03 0.02 2.83E-03 0.03 2.31E-03 0.04 

α𝑥[m] 1.91E-01 0.10 5.37E-01 0.09 1.03E+00 0.09 

α𝑦/α𝑥[−] 1.90E-02 0.24 5.48E-02 0.09 1.03E-01 0.08 

α𝑧/α𝑥[−] 7.04E-01 0.91 2.59E-02 0.50 2.14E-02 0.25 
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λ[𝑑−1] 3.33E-04 0.46 1.89E-04 0.41 2.01E-04 0.22 

 

a Assumed log-normal distribution 

b Geometric mean value   

c Standard deviation of log normal distribution  

 

An accuracy plot represents the calibrated parameter relative percentage difference [R%] to the “true” 

parameters. In Figure 2-3a, the accuracy plot of 11 calibrated parameters for a low precision of Framework 

1 is presented. The y-axis represents the relative percentage, meaning if R% > 0, a calibrated parameter is 

over estimated, for R% <  0, a calibrated parameter is under estimated, and for R% = 0, a calibrated 

parameter is equal to a “true” parameter. There were four parameters; mass and width of first source (M𝑐𝑎𝑙,1, 

and 𝐿𝑦,1), width of second source (𝐿𝑦,2), and groundwater Darcy flux (𝑞𝑤), that were estimated accurately 

(−50 < R% <  50). The considerable accuracy is marked at a 50% range in this study, and can be adjusted 

if required for different conditions. The other calibrated parameters (M2 and α𝑧/α𝑥) have comparatively 

low accuracy with two extreme over predictions (R% > 150%). 
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Figure 2-3: a) Parameter accuracy plot, and b) parameter precision plot of a low precision set using 

monitoring Framework 1 sampling data. Dark brown color represents first source parameters, light brown 

color represents second source parameters, and dark grey color represents the aquifer parameters. 

 

In conjunction with the parameter accuracy plot, the parameter uncertainty relative percentage difference 

[] to the “true” parameter uncertainty, referred to as a parameters precision plot, is presented in Figure 

2-3b for the same case study. A large value in the parameter precision plot represents a high precision, 

whereas a small value represents a low precision of a calibrated parameter. A total of seven parameters; 

𝐽0,1
′ , 𝐿𝑦,1, 𝐽0,2

′ , 𝐿𝑦,2, 𝑞𝑤, α𝑥 , and α𝑦/α𝑥, show a considerable precision ( ≥  80). The considerable 

precision is marked as 80 or above in this study, and can be adjusted if required for different conditions. 

Observing these precision results in conjunction with the parameters accuracy plot, there were only three 

parameters; 𝐿𝑦,1, 𝐿𝑦,2, 𝑎𝑛𝑑 𝑞𝑤 which have considerable accuracies and precisions, defined by -50 < R% < 

50 and  ≥ 80. It is to be noted that two calibrated parameters (β1 and β2) are absent throughout the 

parameter accuracy and the parameter precision plots. This is due to the fact that the “true” values of these 

two parameters are unknown and can only be estimated either on a specific vertical plane within or near the 

source zones or in the whole model domain.  

 

Figure 2-4 presents a parameter accuracy plot for all six cases. For both monitoring Frameworks (Figure 

2-4a and Figure 2-4b), a low precision set (blue triangle) resulted in a highly inaccurate parameter prediction 

(a) (b) 
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(R% > 150 and R% < -150) for few parameters; M𝑐𝑎𝑙,2 𝑎𝑛𝑑  α𝑧/α𝑥 in Framework 1 and M𝑐𝑎𝑙,1, 𝐽0,2
′ ,

and  α𝑧/α𝑥 in Framework 2, whereas a medium precision set (red diamonds) resulted in highly inaccurate 

predictions for three parameters; M𝑐𝑎𝑙,1, 𝐽0,1
′ , and  α𝑧/α𝑥  with Framework 1 only. No highly inaccurate 

predictions (black dots) were determined using a high precision set for both frameworks. Parameters such 

as 𝐽0,1
′ , 𝐿𝑦,1, 𝐿𝑦,2, q𝑤 , α𝑥  , α𝑦/α𝑥, and λ have considerable accuracy in both frameworks. In comparison to 

both monitoring Frameworks, the sampling data from monitoring Framework 2 (Figure 2-4b, arbitrary 

chosen monitoring wells) shows comparatively greater accuracies (more parameters closer to R% = 0 and 

less parameters with R% > 150) in predicting the “true” parameters for all three precision sets.  

 

 

  

 

Figure 2-4: a). Accuracy plot of non-deterministic parameters using the sampling data from monitoring 

Framework 1 and b) Framework 2 for three different precisions (Low Precision, Medium Precision and 

High Precision) sets. 

 

In Figure 2-5, parameter precision plots of all six cases are presented. The vertical columns (left to right) 

represent the precision plots of LP, MP and HP, respectively, where the horizontal rows (top to bottom) 

represent the precision plots of individual precision cases for the two monitoring Frameworks. In both 

monitoring Frameworks, a low precision set (Figure 2-5a and Figure 2-5d) resulted in considerable 

precision ( ≥  80) for 𝐿𝑦,1, 𝐿𝑦,2, q, and α𝑥, a medium precision set (Figure 2-5b and Figure 2-5e) and a 

(a) (b) 
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high precision set (Figure 2-5c and Figure 2-5f), both resulted a considerable precision for 𝐿𝑦,1, 𝐿𝑦,2, 𝑞𝑤, 

and α𝑥, and α𝑦/α𝑥. Even though the precisions of the calibrated parameters were high, only a few 

parameters such as 𝐿𝑦,1, 𝐿𝑦,2, 𝑞𝑤, and α𝑥 have shown a considerable precision and accuracy (Figure 2-4 

and Figure 2-5). 
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Figure 2-5: a) Parameters precision plots of calibrated input parameters for low precision set and monitoring Framework 1, b) for medium 

precision and monitoring Framework 1, c) for high precision and monitoring Framework 1, d) low precision and monitoring Framework 2, e) 

medium precision and monitoring Framework 2, and f) high precision and monitoring Framework 2. Dark brown color represents first source 

parameters, light brown color represents second source parameters, and dark grey color represents the aquifer parameters. 

(a) (b) (c) 

(d) (e) (f) 
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2.4.3 Predicted realization 

 
Using the mean calibrated parameters with deterministic parameters for all six case studies, six individual 

predicted realizations were generated with the forward model of the SCOToolkit3D. Figure 2-6 represents 

the top view at 5 m depth from the water table and Figure 2-7 represents the vertical cross-sectional view 

along the centerline of the plume cross section for the predicted plume after 30 years of dissolution from 

the source of all six different cases. The maximum extent of all predicted realizations (78 m × 24 m × 10 m 

for LP with F1, 79 m × 26 m × 10 m for MP with F1, 79 m × 30 m × 10 m for HP with F1, 78 m × 27 m × 

10 m for LP with F2, 79 m × 28 m × 10 m for MP with F2, and 80 m × 30 m × 10 m for HP with F2) is in 

the range of the maximum extent of the “true” realization (88 m × 28 m × 10 m, Figure 2-2). 

 

Considering a predicted realization acceptable to match the “true” realization based on maximum plume 

extent, all realizations (Figure 2-6 and Figure 2-7) are acceptable (i.e., within 10 m), however comparison 

based upon the magnitude of concentrations, only high precision sets (Figures 2-6c and 2-6f, and Figures 

2-7c and 2-7f) generated a satisfactory result, noting that the “true” realization was generated from a 

numerical model and the predicted realizations resulted from a semi-analytical model.  

 

The other noticeable observation is towards the high concentration zones (continuous or discontinuous), a 

few meters down-gradient of the source location (Figures 2-6b and 2-6d, Figures 2-7a and 2-7d, and Figures 

2-7e and 2-7f). This behavior is due to inaccurate source calibration. Because the source discharge 

parameter was estimated to be extremely high (𝐽0,1
′ > 0.05 kg d−1), this caused a large quantity of source 

mass dissolution at approximately double the “true” rate.  
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Figure 2-6: a) Top view at 5 m depth from the water table of a predicted realization after 30 years of dissolution from the source generated using 

low precision and monitoring Framework 1, b) medium precision and monitoring Framework 1, c) high precision and monitoring Framework 1, d) 

low precision and monitoring Framework 2, e) medium precision and monitoring Framework 2, and f) high precision and monitoring Framework 

2.

(a) (b) (c) 

(d) (e) (f) 
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Figure 2-7: a) Vertical cross-sectional view along the centerline of a predicted realization plume cross section after 30 years of dissolution from 

the source using low precision and monitoring Framework 1, b) medium precision and monitoring Framework 1, c) high precision and monitoring 

Framework 1, d) low precision and monitoring Framework 2, e) medium precision and monitoring Framework 2, and f) high precision and 

monitoring Framework 2. Groundwater flow is from left to right. 

(a) (b) (c) 

(d) (e) (f) 

∆ ∆ ∆ 

∆ ∆ ∆ 
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2.4.4 Correlation coefficient of measurements 

 
In all predicted realizations, both monitoring Frameworks (one at a time) were installed and the sampling 

measurements were compared against the “true” realization measurements.  These concentrations were 

plotted on a log scale as represented in Figure 2-8 and correlation coefficients (R) were computed which 

measure the direction and strength of a linear relationship. The Figure 2-8 legend represents the well 

location, and a dark blue color represents a well location near to the source whereas the light blue color 

represents a well location far from the down-gradient edge of the source. In a “true” realization, maximum 

concentrations obtained from installed monitoring wells were noted to be the equivalent of the contaminant 

solubility limit (1.1×106 µg/L), where in a few of the predicted realizations, these measurements exceeded 

the solubility limit (red color).  

 

With the measurements taken using monitoring Framework 1 on a predicted realization generated from a 

low precision set (Figure 2-8a), the correlation coefficient was computed as 0.86, which represents the 

strength of the linear relationship between the measurements. Monitoring concentrations near to the source 

location (dark blue color) were closely predicted to the monitored concentrations for the “true” realization.  

With an increase in well distance location, the predicted concentrations are under estimated (Figure 2-8a, 

(ii)) for a few wells, otherwise overly estimated (Figure 2-8a, (i)) compared to the “true” measurements. 

These estimated patterns remain the same in the rest of the other cases (Figures 2-8b to 2-8f).  
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Figure 2-8: a) Concentration log plot of monitoring measurements on the “true” realization and the 

predicted realizations for a low precision and monitoring Framework 1, b) medium precision and 

monitoring Framework 1, c) high precision and monitoring Framework 1, d) low precision and 

monitoring Framework 2, e) medium precision and monitoring Framework 2, and f) high precision and 

monitoring Framework 2. 

 

2.4.5 Summary and Conclusions  

 

A numerical plume, the “true” realization, was used to test the acceptability of a semi-analytical model in 

estimating key hydrogeological parameters for solute plume delineation. The acceptability framework was 

applied to find out the following: how does the sampling data alter the accuracy of a CSM (i.e. the predicted 

(a) (b) (c) 

(d) (e) (f) 

R = 0.86 R = 0.78 R = 0.78 

R = 0.76 R = 0.83 R = 0.87 
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realization), do all the model parameters need to be highly accurate, and what is the acceptable predicted 

realization? These fundamental questions were answered by conducting six different simulated case studies 

using stochastic cost optimization toolkit.  

 

Six simulated cases included three different non-deterministic parameter sets (low precision, medium 

precision, and high precision) and two different monitoring network frameworks. Using these non-

deterministic sets and the sampling data from the monitoring Frameworks, non-deterministic parameters 

were calibrated, and predicted realizations were generated using calibrated parameters in 

SCOToolkit3D.  The study found the following: 

 

1) Samples taken from each monitoring well framework generated predicted realizations with similar 

maximum spatial plume extent (79 m × 28 m × 10 m) and all these maximum plume extents were 

relatively close to those of the “true” realization maximum plume extent (88 m × 28 m × 10 m). 

 

2) There are regions within all the predicted realizations where the concentrations are different than 

the “true” realization by orders of magnitude and in a few regions, the concentrations exceed the 

contaminant solubility limit. 

 

3) Sampling data from the pre-determined monitoring locations in two different monitoring 

Frameworks alters the calibrated output of non-deterministic parameters for the low and medium 

precision data sets, but not for the high precision data set. Therefore, if non-deterministic 

parameters have log normal distributions less than 0.25, it is not necessary to have the model 

parameters highly accurate in the toolkit. 

 

4) The acceptable predicted realization is subjected to two factors: the overall maximum plume extent 

and the magnitude of concentrations of a plume realization. If the objective is considered to be 
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predicting the overall maximum plume extent, then SCOToolkit3D handles both the variability in 

sampling data (i.e. sampling under different monitoring Frameworks) and the mean and standard 

deviation of non-deterministic parameters (i.e. precision and uncertainty in the model input 

parameters), and can generate a predicted realization closer to the “true” realization. However, 

SCOToolkit3D has a limitation on predicting the “true” magnitude of concentration. 
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Chapter 3: A Stochastic Well Installation Framework for Groundwater Plume 

Delineation 

3.1 Abstract 

 

A decision support tool referred to as the stochastic well installation framework is presented for 

groundwater practitioners to reduce cost and uncertainty in developing a conceptual site model (CSM). A 

Monte Carlo-based method generates a suite of contaminant plume realizations using a semi-analytical 

solution and a randomized set of input parameters under defined probabilistic ranges. Using the suite of 

plume realizations, a probability map of plume presence is generated and new monitoring well locations 

are assigned by the framework through a probabilistic approach. Subsequently, these monitoring well 

locations sampled, and the suite of realizations gets updated corresponding to the match to sample 

concentrations. The framework is applied to three hypothetical three-dimensional sites to determine the two 

major decisions associated with any site characterization: (1) where to install monitoring wells, and (2) how 

many monitoring wells are required to characterize the plume extent. This study has shown that installing 

monitoring wells within low and high probability target zones will likely result in a large quantity of 

monitoring well installations and a corresponding high site characterization cost, compared to installing 

monitoring wells in a medium level probability target zone. 

 

3.2 Introduction 

 
Accurate characterization of sites impacted by dense, non-aqueous phase liquids (DNAPLs) can be 

challenging given the complexities associated with DNAPL migration as well as the fate and transport of 

volatile organic compounds (VOCs) in groundwater (EPA 2004). Various strategies and tools can be used 

to characterize DNAPL-impacted sites (Kram et al. 2001; EPA 2004; Kueper and Davies 2009; Suthersan 
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et al. 2015); however, these are often focused on a limited number of objectives and may be costly to 

implement (Kram et al. 2002; Liao et al. 2018). The selection of characterization tools and sampling 

locations, referred to collectively in this study as a site investigation strategy, is important. It is expected 

that improvements to a site investigation strategy will reduce costs and increase the accuracy of results. 

 

The results of a site investigation are typically summarized in a conceptual site model (CSM).  A CSM is a 

representation of the real system that incorporates the relevant processes and degree of coupling required 

between these processes (Pankow and Cherry 1996; SRP 2011). A CSM is subject to uncertainty that can 

arise for multiple reasons: (i) the underlying assumptions for including certain processes and excluding 

others (model assumptions), (ii) errors associated with the analysis of soil and groundwater samples 

(instrument errors) (Kram et al. 2001; Liu et al. 2010), (iii) data sampling quantification (are there enough 

samples to form the basis of a CSM and what is their worth?) (James and Gorelick 1994; Wagner 1999; 

Norberg and Rosén 2006), and (iv) uncertainty in mathematical model input parameters (Freeze et al. 1992; 

Storck et al. 1997; McGrath and Pinder 2003; Dokou and Pinder 2009; Fu and Jaime Gómez-Hernández 

2009; Liu et al. 2010; Wöhling et al. 2016). The combination of these uncertainties results in an uncertain 

CSM. Even though all CSMs are subject to uncertainty, practitioners often present only a single CSM 

(Parker et al. 2011; Limmer et al. 2013; Suthersan et al. 2015; Liao et al. 2018). The uncertainty of a CSM 

cannot be completely eliminated; instead, additional and more complex processes can be added to a 

mathematical model and large data sampling operations can be performed to reduce uncertainty.  However, 

these actions generally result in an increased cost to arrive at the CSM. Ultimately, a practitioner must 

balance the accuracy and uncertainty of a CSM with the available budget, timeline and objectives while 

applying a site investigation strategy.  

 

The development of a CSM is often a precursor to the selection and implementation of a remediation 

technology, and the success of remediation will likely depend on the accuracy of the CSM.  Because of this 
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important link between site characterization and remediation, many previous studies have focused on 

reducing remediation cost by developing optimized remediation design through the calibration of 

mathematical model parameters associated with site characterization (site properties) (Cardiff et al. 2010; 

Parker et al. 2010, 2012; Lee et al. 2012; Kim et al. 2013). Some studies seeking to optimize site 

investigation strategies have focused on the concept of data worth analysis, where site characterization 

decisions are linked to remediation decisions.  For example, James and Gorelick (1994) and Wagner (1999) 

optimized sampling strategies to minimize the cost of pump-and-treat remediation. There have also been 

studies where site characterization decisions have not been linked to remediation, but were only linked to 

site investigation (Freeze et al. 1992; Norberg and Rosén 2006; Back et al. 2007). In these studies, the risk-

cost-benefit objective function formed the basis of the decision model used to decide between success and 

failure options, which was ultimately used to evaluate the worth of data collection. 

 

Previous studies that have been conducted to provide guidance on site characterization have been based on 

different objectives.  Some were based on health risk assessment (Maxwell et al. 1999; DeBarros and Rubin 

2008), others on source zone assessment (EPA 2004; Kueper and Davies 2009; Kueper et al. 2014) and 

others on plume delineation (Cardoso and Durlofsky 2010; Limmer et al. 2013; Datta et al. 2016; Liao et 

al. 2018). Other studies have focused on optimizing sampling strategies (Johnson 1996; Cox 1999; Back et 

al. 2007; Dokou and Pinder 2009) for site investigation. The goal of these previous studies was to estimate 

the optimal number of samples while minimizing the characterization cost. For example, the studies of 

Johnson (1996) and Back et al. (2007) are structured on Bayesian methodology where an objective function 

is linked to historical information, geophysical surveys, preliminary transport modeling results, and/or cost 

of sampling, whereas the study of Cox (1999) does not require any specific statistical model and uses initial 

observations to guide subsequent sampling decisions. Some studies have also focused on optimizing 

monitoring well locations (Lee and Kitanidis 1996; Storck et al. 1997; McGrath and Pinder 2003; Wöhling 

et al. 2016) for site investigation. Most of these studies were conducted using a Monte Carlo (MC)-based 
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approach to identify a contaminant plume boundary and to quantify uncertainty at pre-existing locations. 

However, there is no existing study that has focused on a mathematical framework for optimizing sampling 

strategies without relying on pre-existing monitoring locations, and providing recommendations for new 

monitoring locations during site investigation to the best of the authors’ knowledge.  

 

By means of MC methods and Bayesian approaches, the uncertainty associated with a CSM can be 

estimated (Pankow and Cherry 1996). With MC methods, one can generate a large number of equally likely 

realizations by varying multiple model parameters (James and Gorelick 1994; Storck et al. 1997; Fu and 

Jaime Gómez-Hernández 2009) and can optimize a defined objective function. It is feasible that MC 

methods can also support decisions associated with the installation of monitoring wells in a site 

investigation strategy such that quantification of data sampling results and optimal locations of monitoring 

wells can be arrived at. A similar study has been conducted via Bayesian decision theory (James and 

Gorelick 1994) whereby the authors introduced a cost function in relation to the design of a pump-and-treat 

remediation approach. Their cost function included characterization cost (sampling cost) as well as 

remediation cost. Minimization of this function using a Bayesian approach ultimately resulted in an 

optimized remediation design. The study by James and Gorelick (1994) was conducted in relation to a 

specific site remedial technology (pump-and-treat) and used the optimization of that technology to guide 

site investigation decisions.  However, site investigation and the development of a CSM are typically 

conducted in advance of remediation technology selection (EPA 2004).  Therefore, there is a need to 

introduce a framework that can make use of a MC method to help guide a site investigation strategy 

independent of a particular remediation technology, such that the locations of monitoring wells can be 

determined to reduce the number of monitoring wells required and reduce both the cost and uncertainty for 

the resulting CSM. 
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The objective of this paper is to introduce a formal decision support tool, referred to as a stochastic well 

installation framework, for groundwater practitioners to reduce cost and uncertainty in developing a CSM 

by supporting monitoring well installation decisions through a probabilistic approach. This framework is 

implemented using a MC-based method. While characterization of multiple aspects of a site is important 

(e.g., geology, hydrogeology, NAPL source delineation, concentration distribution within a plume), the 

emphasis in this study is on characterization of the lateral boundaries of a plume in groundwater.  

 

3.3 Mathematical approach  

3.3.1 Overview of Stochastic Well Installation Framework (SWIF) 

 

The stochastic well installation framework (SWIF) routine has three modules (Figure 3-1). The first module 

(Module 1) consists of a semi-analytical solution that generates multiple three dimensional (3D) plume 

realizations, similar to James and Gorelick (1994), using a randomized set of input parameters under defined 

probabilistic ranges (Section 3.3.2). The second module (Module 2) utilizes the results of Module 1 to 

generate a probability map (𝑃𝑚𝑎𝑝) of plume presence, based on the maximum spatial extent of the plume 

in each realization defined by the maximum contaminant level (MCL) (Section 3.3.3). The third module 

(Module 3) utilizes the probability map from Module 2, assigns randomly chosen locations of monitoring 

wells within a specified probability range (target zone), collects concentration data from those monitoring 

wells installed in the field, and compares the collected concentration data with the previously generated 

plume realizations (Section 3.3.4). Module 3 rejects the plume realizations that do not match the field 

measurements at those monitored locations. The remaining realizations are utilized again by Module 2 

within an iterative loop (Module 2 ↔ Module 3). 
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The termination of the iteration loop occurs if: (a) the number of remaining realizations is reduced to a 

value of one (one plume is identified), or (b) the target zone on the probability map is missing due to a low 

number of remaining realizations. 

 

Note that in this study, simulated plumes were used in place of a field site to test the application of the 

SWIF routine.  These plumes are referred to as the “true” plumes. 

 

 

 
 

Figure 3-1: A Stochastic Well Installation Framework for groundwater plume delineation 

 

3.3.2 Module 1 and the generation of “true” plumes 

 
Previous studies focused on the optimization of site characterization have utilized analytical or semi-

analytical solutions to the advection-dispersion equation. Analytical and semi-analytical solutions are 

typically computationally efficient. There are various analytical and semi-analytical solutions capable of 

generating two- or three-dimensional dissolved phase plumes (Cleary and Ungs 1978; Sagar 1982; Batu 
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2006). In this paper, the exact analytical solution of Sagar (1982) is incorporated into Module 1 for 

generating multiple plume realizations as well as the “true” plumes:  

 

𝑐(𝑥, 𝑦, 𝑧, 𝑡) = 𝑐0
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×      𝑑𝜀 (Equation 3-1) 

 

where 𝑐(𝑥, 𝑦, 𝑧, 𝑡) is the solute concentration at a specific location and time, 𝑐0 is the initial source 

concentration, 𝐷𝑥
′  = 𝐷𝑥/𝑅,  𝐷𝑦

′  = 𝐷𝑦/𝑅  and 𝐷𝑧
′  = 𝐷𝑧/𝑅 are hydrodynamic dispersion coefficients 

accounting for sorption,  𝛾 is the source decay coefficient, 𝜆𝐸𝑓𝑓 is the effective first-order decay rate 

constant of the solute, 𝑣′ is the velocity of the reactive solute accounting for sorption, 𝑤 is the source width 

perpendicular to the flow direction, 𝑅 is the solute retardation factor, 𝐻 is the source thickness, 𝜀 is the 

dummy integration variable, 𝐷𝑖  is the dispersion coefficient defined by 𝐷𝑖 = 𝑣 𝛼𝑖 + 𝐷𝑚𝑜𝑙, 𝑣 is the linear 

groundwater velocity, 𝛼𝑖 is the dispersivity, and 𝐷𝑚𝑜𝑙 is the effective molecular diffusion coefficient 

(assumed to be negligible). 

 

The velocity of the reactive solute is calculated as:  

𝑣′ =
𝐾∇ℎ

θ (1 +
𝜌𝑤𝑓𝑜𝑐𝐾𝑜𝑐

θ )

 
(Equation 3-2) 

 

where 𝐾 is the hydraulic conductivity, ∇ℎ is the hydraulic gradient, θ is the effective porosity, 𝜌𝑤 is the 

groundwater density, 𝑓𝑜𝑐 is the fraction of organic carbon content of the aquifer solids, and 𝐾𝑜𝑐 is the 

organic carbon-water partition coefficient. 
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Equation 3-1 assumes an aquifer of semi-infinite extent in the x-direction, infinite extent in the +/- y-

direction, semi-infinite extent downward from the water table in the z-direction, unidirectional (x-direction) 

steady-state groundwater flow, and a patch source of constant concentration along the inflow boundary.  In 

this study a constant source concentration of dissolved trichloroethene (TCE) is adopted.  

 

Equations 3-1 and 3-2 are used for generating three “true” plumes in addition to the multiple plume 

realizations as part of Module 1. The “true” plumes are differentiated based on their length, and are referred 

to as the small plume (SP), medium plume (MP) and large plume (LP), and are each based on dissolution 

of the constant concentration source for 30 years. The input parameters to generate these plumes are 

presented in Tables 3-1 and 3-2. The constant concentration source (representative of a DNAPL source) is 

centered at 30 m in the x-direction and 100 m in the y-direction. The source width is 20 m (y-axis) and the 

source height is 5 m (z-axis) down from the water table. 

 

The “true” plumes and plume realizations were generated within a 400 m × 200 m × 20 m (horizontal length 

× horizontal width × vertical depth) domain. For each plume, the analytical solution is evaluated at a 

resolution of 2 m in the horizontal plane (longitudinal and transverse directions) and 1 m in the vertical 

direction. This resolution was chosen to: (i) reduce processing time across multiple plume realizations in 

Modules 2 and 3, and (ii) limit the distance between monitoring well installations to no less than 2 m.   
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Table 3-1: Set of constant input parameters used for three hypothetical “true” plumes and multiple plume 

realizations 

Parameter Description Value 

𝑥[𝑚], 𝑦[𝑚], 𝑧[𝑚] Domain length, domain width, domain depth  400, 200, 20 

∆𝑥[𝑚], ∆𝑦[𝑚]  Horizontal plane resolution 2, 2 

∆𝑧[𝑚] Vertical resolution 1 

∇ℎ[−] Hydraulic gradient 4.00E-03 

ρ𝑏[𝑔 𝑐𝑚
−3] Dry bulk density 1.855 

α𝑥[𝑚] Longitudinal dispersivity 4.0 

α𝑦[𝑚] Transverse horizontal dispersivity 0.4 

α𝑧[𝑚] Transverse vertical dispersivity 0.04 

θ[−] Effective porosity 0.3 

K𝑜𝑐,𝑇𝐶𝐸[𝑙 𝑘𝑔
−1] TCE organic carbon-water partition coefficient 126(1) 

 

(1) Pankow and Cherry (1996) 

 

The hydraulic conductivity (𝐾), fraction of organic carbon (f𝑜𝑐), and effective first-order decay rate constant 

of the solute (𝜆𝑒𝑓𝑓) for the three “true” plumes are listed in Table 3-2. Only the hydraulic conductivity was 

varied to produce plumes of different length. These three parameters are listed in Table 3-2 because in 

addition to being used as deterministic input parameters for the “true” plumes, they also served as stochastic 

input parameters for the multiple plume realizations.  Continuous log-normal distributions of 𝐾, f𝑜𝑐, and 

𝜆𝑒𝑓𝑓 with geometric mean values equal to the values used to simulate the medium plume (MP) and a 

standard deviation of 0.5 were used to create uncorrelated random sets (1,000 of each parameter). These 

random sets were then combined with the constant input parameters listed in Table 3-1 to create 1,000 

individual plume realizations in Module 1. The number of sets was determined to be sufficient in this study 
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for the stabilization of the average plume mass across all realizations, but additional realizations can be 

generated if required for different conditions.  

Table 3-2: Set of input parameters used for generating three different “true” plume lengths  

 
𝐾[𝑐𝑚 𝑠−1 ] f𝑜𝑐[−] 𝜆𝑒𝑓𝑓[−] 

Small plume (SP) 4.69E-04 0.003 0.138 

Medium plume (MP) 9.89E-04 0.003 0.138 

Large plume (LP) 2.49E-03 0.003 0.138 

 

3.3.3 Module 2 

 
Module 2 assesses the suite of realizations (1,000 realizations initially, and then fewer and fewer 

realizations as the stochastic well installation framework iterates to converge towards the “true” plume) and 

creates respective 3D arrays, one for each plume realization, of binary digits. A single binary digit 3D array 

of a plume realization is referred to as the concentration indicator mesh (𝐼𝑚𝑒𝑠ℎ). If the concentration at a 

given location in the plume is less than the adopted MCL (5 µg/L), the concentration indicator at that 

location is assigned a value of zero; otherwise a value of one. That is, the indicator mesh specifies plume 

presence rather than specific concentrations. 𝐼𝑚𝑒𝑠ℎ values for all realizations generated by Module 2 are 

then used to produce a 3D probability map as: 

 

P𝑚𝑎𝑝 =
∑ 𝐼𝑚𝑒𝑠ℎ

𝑖𝑁𝑛𝑟𝑙𝑧
𝑖=1

𝑁𝑛𝑟𝑙𝑧
 (Equation 3-3) 

 

where P𝑚𝑎𝑝 is the probability map, 𝑁𝑛𝑟𝑙𝑧 is the number of remaining realizations and 𝐼𝑚𝑒𝑠ℎ  is the 

concentration indicator mesh. This approach of generating a probability map has also been applied in past 

research (James and Gorelick 1994), however, that research focused on two-dimensional models.    
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3.3.4 Module 3  

 

To select monitoring well locations at the beginning of Module 3, a target zone is specified, which defines 

a specific probability contour range on the probability map. For example, if the user would like to install 

monitoring wells where there are similar chances of plume presence and plume absence, the target zone 

could be P = 0.47 to 0.52 (i.e., approximately 50%).  Likewise, if the user would like to install monitoring 

wells where there is a greater probability of plume presence, the target zone could be P = 0.80 to 0.85.  

Using the probability map generated at the end of Module 2, the next monitoring well installation locations 

are selected within the target zone.  The number of monitoring wells installed during each iteration of the 

SWIF routine is also specified, and is kept constant over all iterations. The SWIF routine allows multiple 

wells to be installed at each iteration. Because there can be many possible locations within the target zone 

(i.e., more than the number of wells to be installed) the monitoring well locations within the target zone are 

chosen randomly from a uniform distribution of all possible locations in that zone. 

 

Groundwater samples are collected at the screened intervals of the installed monitoring wells and the 

dissolved concentrations at those locations are assessed. In this study those concentrations were based on 

one of the “true” plumes generated using Equations 3-1 and 3-2, but in field applications they would be 

based on the analysis of dissolved concentrations in samples obtained from monitoring wells. 

Concentrations greater than the MCL are compared against the 𝐼𝑚𝑒𝑠ℎ indicators of plume presence from 

each plume realization, and realizations that do not match at all of the monitoring well locations (i.e., 

indicate plume presence when concentration is ≥ 5 µg/L or indicate plume absence when concentration is 

< 5 µg/L) are rejected. In other words, the concentration presence or absence at the monitoring well 

locations in the “true” plume must match the presence or absence in a plume realization for that plume 

realization to be accepted. Accepted realizations are then fed back to Module 2 for the next iteration of the 

SWIF routine, beginning with re-generation of the 3D probability map.  The process starting from assessing 

possible realizations, generating a probability map, specifying monitoring well locations, comparing 
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concentrations at those monitoring wells and rejecting realizations from suite of realizations, is referred to 

here as a cycle.  

 

3.3.5 Example implementation of the SWIF routine 

 

To demonstrate application of the SWIF routine, the routine was applied to detect three “true” plumes of 

varying length: SP, MP and LP (Table 3-2).  In each of these applications, the suite of realizations were the 

same, and were based on the stochastic input parameters 𝐾, f𝑜𝑐, and 𝜆𝑒𝑓𝑓, each with a geometric mean equal 

to the value used to create the MP “true” plume.  In the context of a field application, the suite of realizations 

can be considered as an uncertain estimate of the plume location provided by a site investigator.  Therefore, 

application of the SWIF routine to SP represents a scenario in which the “true” plume is overestimated, MP 

represents a scenario in which the “true” plume is reasonably estimated, and LP represents a scenario in 

which the “true” plume is underestimated. It is important to note that the SWIF routine relies on a suite of 

realizations that encompasses the “true” plume because it can only reject realizations, not add realizations. 

Therefore, if the distribution of input parameters is not wide enough to encompass the “true” plume, then 

the SWIF routine will reject all realizations and will not converge.  Note that while 𝐾, f𝑜𝑐, and 𝜆𝑒𝑓𝑓 were 

treated as uncertain parameters in this study, the suite of realizations could be generated by varying other 

parameters instead of or in addition to these three, depending on the level of information available to the 

site investigator. 

   

In addition to varying the “true” plume, the SWIF routine was also applied using different target zones to 

select monitoring well locations.  Three target zones were investigated for each “true” plume: P = 0.20 to 

0.25, P = 0.47 to 0.52, and P = 0.80 to 0.85. A low target zone targets the contour range on the probability 

map where concentrations are unlikely to be greater than 5 µg/L (few plume realizations at these locations) 

and a high target zone targets the contour range where concentrations are likely to be greater than 5 µg/L 

(many plume realizations at these locations). 
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Finally, the number of monitoring wells installed during each iteration (referred to as the well installation 

frequency) was investigated.  In a field application, this represents the number of monitoring wells installed 

in one site investigation mobilization, or between rounds of data analysis before any modifications to the 

investigation strategy are made. The sensitivity of the results to installing 1, 3 and 5 wells during each cycle 

for each “true” plume was investigated. The well installation frequency was kept constant in each 

subsequent cycle in this study, but could be varied. 

 

In this study, the investigation of a “true” plume using one target zone and one well installation frequency 

is referred as an investigation-strategy. The SWIF routine was applied to nine different investigation-

strategies (all combinations of three target zones and three well installation frequencies) for each of three 

“true” plumes (SP, MP and LP). In each investigation-strategy, the selection of monitoring locations in a 

target zone is random.  Therefore, each investigation-strategy was repeated 50 times to determine the 

uncertainty associated with the random choice of monitoring well location.  To differentiate this from the 

plume realizations, these are referred to as replicates. 

 

3.4 Results and Discussion 

3.4.1 Medium Plume Length 

 

The “true” TCE plume for the MP case is depicted in Figure 3-2. The “true” MP maximum extents are 115 

m × 40 m × 11 m (longitudinal direction × transverse direction × vertical direction), defined by the location 

of the 5 µg/L concentration contour. The plumes for the other “true” cases, SP and LP, have maximum 

plume extents of 72 m × 20 m × 9 m and 220 m × 75 m × 14 m, respectively (Appendix B).  
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Figure 3-2: a) Plan view at the water table, and b) vertical cross-sectional view along the centerline of the 

medium plume (MP) after 30 years of dissolution from the constant concentration source. 

 

The progression of the SWIF routine, applied to the MP case with a target zone of P = 0.20 to 0.25 and 

using one well per cycle, is shown in Figure 3-3 and Figure 3-4. The probability map based on the initial 

1,000 realizations (prior to any refinement using the SWIF routine) is shown in Figures 3-3a and 3-4a, 

showing horizontal and vertical sections, respectively. In Figures 3-3a and 3-4a, the probability map contour 

for TCE (P) = 1 represents the minimum extent of the 1,000 plume realizations, TCE (P) = 0.5 represents 

the area that contains a concentration equal to or greater than 5 µg/L in 500 plume realizations, and TCE 

(P) = 0.001 represents the area that contains a concentration equal to or greater than 5 µg/L in one plume 

realization.  The TCE (P) = 0.001 is the maximum plume extent. 50% of the initial realizations (TCE (P) = 

0.5) prior to any refinement have a minimum plume extent of 104 m × 55 m × 10 m (longitudinal direction 

× transverse direction × vertical direction), which is similar to the MP “true” plume extent. 

 

In this example, eight iterations were required to meet the SWIF stopping criterion, and a total of nine 

probability maps (eight maps during the iteration and one map after the final iteration) are shown in Figures 

(a) 

(b) 
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3-3 and 3-4. Also shown in Figures 3-3 and 3-4 are the monitoring well locations specified by the SWIF 

routine, representing either the lateral placement (Figure 3-3, a-i) or the depth of the well screen mid-point 

(Figure 3-4, a-i).  

 

The maximum extent of the probability map decreases after each cycle.  For example, the maximum extent 

of the probability map, 370 m × 110 m × 18 m (Figures 3-3a and 3-4a), is decreased to 175 m × 65 m × 11 

m (Figures 3-3b and 3-4b) after one cycle, which is approximately half of the initial horizontal extent. This 

large decrease in the maximum extent of the probability map is due to the rejection of a high number of 

realizations (214) that did not match the monitored concentration (presence or absence) at the first well 

location (x = 76 m and y = 122 m) chosen by the SWIF routine. During the second cycle (Figures 3-3c and 

3-4c) the decrease in the maximum extent of the probability map is also large, with 177 realizations being 

rejected. In later cycles (Figures 3-3 and 3-4, d-i), the progressive decrease in the maximum extent of the 

probability map is smaller because a lower number of realizations (1 to 99) are rejected. The realizations 

remaining in these later cycles have similar plume sizes, and the SWIF routine refines these realizations by 

collecting concentration data at new well locations, resulting in both decreases in the extent of the lower 

probability contours at the down-gradient and lateral edges of the plume and an expansion of the higher 

probability contours. The iterative process of randomly installing monitoring wells on a continuously 

refined probability map is stopped after eight cycles (Figures 3-3i and 3-4i) because no target zone 

(𝑃0.20−0.25 = ∅ ) remained. The final probability map maximum extents are 120 m × 40 m × 11 m and 

represent the plume extents of the remaining realizations (in this case, 10 realizations), which are very 

similar to the “true” MP maximum plume extents of 115 m × 40 m × 11 m (Figure 3-2). 

 

To further investigate the progression of the SWIF routine in the example illustrated in Figures 3-3 and 3-

4, the number of realizations remaining after each cycle is shown in Figure 3-5a. Figure 3-5a shows the 

convergence of the SWIF routine to 10 remaining realizations, where the remaining realizations decreases 
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during each cycle until the SWIF stopping criterion is met. This realizations remaining curve demonstrates 

the monotonic nature of the SWIF routine, where plume realizations continue to be rejected during each 

cycle. 
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Figure 3-3: Top view of the probability maps generated in eight cycles (a to i) with allocated monitoring well locations. Yellow dots represent the 

monitoring well locations. 

(f) (h) (g) (i) 

(c) 
(a) (b) 

(d) 
(e) 
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Figure 3-4: Vertical cross-sectional views of the probability maps along the plume centerline (Y = 100 m) 

generated in eight cycles (a to i) with allocated monitoring well locations. Yellow dots represent the well 

screen mid-points (y = 100 to 200 m).  

  

(f) (h) (g) (i) 

(c) 
(a) (b) 

(d) (e) 
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Figure 3-5c shows that in addition to a convergence of the plume extent (Figure 3-3 and Figure 3-4 

compared to Figure 3-2) the SWIF routine also results in convergence of the plume mass (mass of dissolved 

TCE within the 5 μg/L contour). While the “true” mass would not be known in a field application, it is used 

here as an additional indicator of success. The plume mass of the remaining realizations upon the 

completion of eight cycles ranges from 456 to 668 kg, which brackets the “true” mass, 504 kg. 

 

  

  

  

Figure 3-5: Realizations remaining for (a) a single investigation-strategy and (b) 50 replicate investigation-

strategies, and the upper and lower bounds of plume mass in the remaining realizations for (c) a single 

investigation-strategy and (d) 50 replicate investigation-strategies.  All investigation-strategies were 

implemented using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. The 

green line represents the “true” MP mass of 504 kg. 

(a) (b) 

(c) (d

) 
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Because the SWIF routine randomly assigns monitoring well locations within a specified target zone, it is 

important to investigate the robustness of the routine to those random locations.  That is, is the ability of 

the routine to converge to a low number of remaining realizations with a range of plume mass that is similar 

to the “true” mass insensitive to those locations so long as they are within the target zone? The sensitivity 

of the routine to the random well locations for an investigation-strategy that uses a target zone of P = 0.2 to 

0.25 and a well installation frequency of one per cycle was conducted 50 times and the results are presented 

in Figure 3-5b and Figure 3-5d. These results show that across all of the 50 replicates: (i) the number of 

realizations remaining at the end of the routine range from 2 to 15 (<1.5% of the initial realizations), (ii) 

the number of monitoring wells required ranged from 7 to 10, and (iii) the plume mass converged to the 

range of 350 kg to 797 kg (69% to 158% of the “true” plume mass). The plume extent of all of the remaining 

realizations in 50 replicates are very similar to the “true” MP case, and the maximum extent of the 3D 

probability maps resulted from these remaining realizations are also very similar to the “true” MP maximum 

extent (Figure 3-2). 

 

3.4.2 Effect of different target zone and well installation frequency for the SP, MP and LP 

cases 

 
A total of 27 investigation-strategies were conducted; nine investigation-strategies for each of the SP, MP 

and LP “true” plumes, each of which consisted of three target zones and three well installation frequencies. 

Each of these investigation-strategies were replicated 50 times. Figure 3-6 shows the realizations remaining 

for predicting the “true” plumes for the SP, MP and LP cases for three different target zones 

(𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85) and three different well installation frequencies (1, 3 and 5). 

 
The realizations remaining for the SP, MP and LP cases using a target zone of 𝑃0.20−0.25 and a well 

installation frequency of one per cycle are depicted in Figure 3-6a. The mode of the total number of well 

installations at the termination of the SWIF routine in an investigation-strategy are 14, 8 and 6 for the SP, 
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MP and LP, respectively. The range of the total number of well installations are 11 to 16, 8 to 11 and 5 to 

11 for the SP, MP and LP, respectively. With an increase in the well installation frequency (Figures 3-6b 

and 3-6c), both the mode well installations and the range well installations increases. The mode well 

installations are 24, 18 and 15 at a well installation frequency of three, and 40, 25 and 20 at a well 

installation frequency of five; for the SP, MP and LP cases, respectively. The range well installations are 

21 to 39, 12 to 30 and 6 to 21 at a well installation frequency of three, and 35 to 60, 10 to 35 and 10 to 30 

at a well installation frequency of five; for the SP, MP and LP cases, respectively. This increase is due to 

the fact that at a high well installation frequency, multiple well locations are now being sampled during 

each cycle. If a plume realization matches all those monitored concentrations (multiple presence or absence) 

at those multiple well locations chosen by the SWIF routine, only then is the plume realization accepted by 

the SWIF routine. In a target zone where multiple monitoring concentrations are in mixed form of presence 

or absence, this results in less information per cycle of the SWIF routine. In other words, at a high well 

installation frequency there are fewer SWIF cycles than for a low well installation frequency but there is 

less value per well. From a practical point of view, this implies that field practitioners should balance both 

the well installation frequency and the total number of well installation cycles, rather than having a large 

number of well installations at a single well installation cycle. 
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Figure 3-6: depicts the realizations remaining in replicate investigation-strategies for three “true” plume 

cases (red for SP, brown for MP, and orange for LP), for three different target zones 

(𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85 , top to bottom) and three well installation frequencies (1, 3 and 5 

per cycle, left to right). 

 

 
Application of different target zones shows the sensitivity of the locations of well installations, and results 

in different numbers of total well installations required to predict each “true” plume case. With an increase 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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in the target zone (Figure 3-6, top to bottom), the mode well installations and the range well installations 

first decrease (graphs in middle row), and then increase (graphs in bottom row) for the SP and MP cases 

but not the LP case. In other words, with the increase in target zone the SP and MP plume cases show non-

monotonic behavior whereas the LP case shows monotonic behavior in the mode well installations and the 

range well installations zone. The monotonic increasing behavior in the LP case is due to the fact that the 

well locations in the low target zone (𝑃0.20−0.25) are on the edges of the “true” LP plume, meaning that the 

extent of the 0.20 – 0.25 probability contour zone in the initial probability map has similar size to the large 

plume maximum extent, which allows the SWIF routine to reject multiple realizations (either extremely 

small or large) faster, hence resulting in less number of well installations. With the increase in the target 

zone for the same LP case, the installed monitoring well locations are inside the “true” LP case, hence 

resulting in more well installations as few realizations are rejected in each cycle. The non-monotonic 

behaviors in the SP and MP cases are due to the fact that the well locations in the medium target zone 

(𝑃0.47−0.52) are closer to the plume edges of the respective “true” cases compared to high and low target 

zones.  

 

At a low target zone and for the various well installation frequencies (Figure 3-6, top row), the SP case has 

the highest mode well installations. This is due to the fact that the 0.20 – 0.25 probability zone in the initial 

probability map has a larger size compared to the small plume maximum extent, and the installed 

monitoring wells in this zone have no contaminant concentrations in most locations within that probability 

zone. This approach can also be viewed as outside-to-inside plume delineation. Similarly, at a high target 

zone (Figure 3-6, bottom row), the LP case has the highest mode well installations. This is due to the fact 

that the 0.80 – 0.85 probability contour zone in the initial probability map has a smaller size compared to 

the large plume maximum extent, and the installed monitoring wells in this zone have contaminant 

concentrations in most locations within that probability zone, resulting in a low number of realizations 

rejected during each cycle. This approach can also be viewed as inside-to-outside plume delineation.  One 
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of the conclusions drawn from this is that if monitoring wells are installed in a location where there is a 

high probability that the contaminant is either present or absent, the SWIF routine will result in a high 

number of well to converge to the “true” plume. From a practical point of view, this also implies that field 

practitioners should not perform a large number of sampling programs to a location where the plume is 

highly likely to be present or absent, for the objective of plume delineation.  

 

A medium target zone with a well installation frequency of one (Figure 3-6d) shows the least mode well 

installations and the least range well installations in all three “true” plume cases. This is due to the fact that 

the predicted monitoring well locations in all three “true” plume cases are close to the plume edges of the 

respective “true” cases, meaning the probability contour zone extent of 0.47 – 0.52 in the initial probability 

map has a similar size than the “true” plume maximum extent which allows the SWIF routine to reject 

extremely large or small size plumes at a faster rate during the early SWIF cycles. Although the number of 

SWIF cycles are comparatively small for a high well installation frequency, the amount of information per 

well is higher at a low well installation frequency.  

 

3.4.3 Summary and Conclusions 

 

The stochastic well installation framework was applied to three different hypothetical contaminant plumes. 

These plumes were different based on their spatial extent. Uncertainties accounted for in the generation of 

these plumes were associated with hydraulic conductivity, fraction of organic carbon and solute decay. With 

only three uncertain parameters, the plume delineation problem was simplified to describe the overall 

approach and the monitoring well installation locations were selected via a probability-based stochastic 

approach to predict the maximum extent of the three “true” plumes. 
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This study has shown that installing monitoring wells within low and high probability target zones will 

likely result in a larger number of monitoring well installations and a high site characterization cost, 

compared to installing monitoring wells in a medium level probability target zone. Because the SWIF 

routine provides the monitoring well locations via a probability-based stochastic approach and an individual 

practitioner has their practical approach for the monitoring well installation locations, the total number of 

monitoring well installations including locations for a plume delineation may vary. The SWIF routine can 

be utilized as a pre-screening tool by groundwater practitioners to reduce cost and uncertainty in developing 

a CSM by supporting monitoring well installation decisions through a probabilistic approach. 

 

While this paper is articulated to demonstrate the SWIF routine, various complexities can further be 

implemented and tested. For example: (a) the constant number of well installations per cycle can be adjusted 

to be a dynamic number of well installations per cycle, (b) the SWIF routine is presented in this study by 

varying only three parameters but more parameters such as source location, and source dimension can be 

varied, (c) the new well installations decision can be replaced by sampling at pre-existing well locations, 

and (d) the monitoring wells can be installed at different times, and compared to concentration history at a 

“true” site. Because of the fact that the SWIF routine was tested with a limited number of uncertain 

mathematical model input parameters, and the sensitivity of the semi-analytical mathematical model to 

input parameters was not conducted, the SWIF routine does not inform an individual practitioner in the 

selection of the deterministic and non-deterministic input parameters at a real field test site. 
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Chapter 4: Stochastic Well Drilling Framework for Plume Delineation: 

Comparison of Monitoring Wells vs MIPs 

4.1 Abstract 

 

The traditional method of collecting information using groundwater monitoring wells for the development 

of a conceptual site model (CSM) and the delineation of the spatial extent of a plume can be costly. To 

reduce the cost of monitoring wells, a recently-presented decision support tool – the stochastic well 

installation framework (SWIF) – is extended to include information provided by a membrane interface 

probe (MIP). This paper illustrates the usefulness of MIP installations in delineating contaminant plumes 

and compares the efficiency of MIP installations to monitoring well installations, where the locations of 

each are assigned using a probabilistic approach within the stochastic well installation framework. The 

framework was applied to two hypothetical three-dimensional synthetic sites with different plume ages and 

the results demonstrated the successful estimation of key attributes of a CSM in both homogenous and 

heterogeneous porous media using monitoring well and MIP installations.   

 

4.2 Introduction 

 
Over the last two decades, contaminant site characterization has been the focus of optimization efforts 

(Widdowson et al. 1993; Hudson 2001; DeBarros and Rubin 2008; NRC 2013; Algreen et al. 2015).  In 

particular, many studies have investigated plume delineation with cost optimization to limit the number of 

monitoring well installations (James and Gorelick 1994; Lee and Kitanidis 1996; Storck et al. 1997; Jones 

et al. 2003; McGrath and Pinder 2003; Reed et al. 2004; Elfeki 2006; Wöhling et al. 2016). Concentration 

data obtained from monitoring well samples are informative and well accepted in environmental science 

and, ideally, can be used to accurately delineate a contaminant plume (Laney and Enberg 1992; Widdowson 
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et al. 1993). However, this type of non-geophysical investigative method is time-consuming, resource 

intensive, invasive and costly. There are other non-geophysical methods (Kram et al. 2001; EPA 2004) that 

provide concentration data with some extent of approximation and are relatively cheaper than traditional 

monitoring well sampling (Kram et al. 2002). Non-invasive geophysical methods such as electrical 

resistivity tomography (Liao et al. 2018) and directional phyto-screening (Limmer et al. 2013) are also 

becoming increasingly popular in environmental science due to their lower cost. These alternative methods 

are relatively inexpensive but cannot fully replace traditional monitoring well sampling. Although non-

geophysical methods are more advantageous over geophysical methods in term of accuracy, there is a need 

to explore non-geophysical methods while reducing the cost of site investigation. 

 

The implementation of invasive non-geophysical methods and real-time decision making reduces 

investigation costs while providing more robust conceptual site models (CSMs) (Suthersan et al. 2015). In 

addition to monitoring well sampling, use of a Membrane Interface Probe (MIP), also an invasive non-

geophysical method, has demonstrated significant cost savings by providing useful information for the 

optimization of a groundwater sampling program in a site investigation (Linton 2003). A MIP provides a 

relative measure of concentration, not a direct quantitative measurement, which can be obtained relatively 

quickly without waiting for laboratory turnaround. At many sites, MIP data are obtained early in an 

investigation and are relied upon to target specific locations and depth intervals for subsequent traditional 

sampling (Kueper et al. 2014). There are some studies where contaminated sites have been investigated 

using only MIPs (Hudson 2001; Nocita et al. 2001; McAndrews et al. 2003; Singletary et al. 2005; Einarson 

et al. 2016), including for plume delineation (Linton 2003). Because MIP data can easily be misinterpreted, 

previous studies have evaluated MIP data (Bronders et al. 2009) and have demonstrated a way to control 

false positive and false negative MIP signals (Dougherty et al. 2004) to overcome large uncertainties.   
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As an alternative approach to reduce site characterization costs, Kalia et al. (2020) (Chapter 3) proposed a 

decision support framework for the selection of monitoring well locations.  This stochastic well installation 

framework (SWIF) could help groundwater practitioners to reduce the uncertainty in a CSM and delineate 

a contaminant plume by guiding monitoring well locations using a probabilistic approach based on the 

elimination of possible plume realizations. Due to the fact that MIP data provide a consistently reliable 

surrogate for the presence or absence of dissolved volatile organic compounds (VOCs) in soil or 

groundwater (Dougherty et al. 2004) and SWIF utilizes contaminant presence or absence as an indicator to 

select monitoring well locations, the incorporation of MIP data into the SWIF routine would be a useful 

modification to further reduce site characterization costs. 

 

The objective of this paper is to extend the formal decision support tool developed by Kalia et al. (2020) to 

cost-effectively delineate plumes in groundwater by using both MIPs and conventional monitoring wells at 

locations chosen by the SWIF routine. MIPs and conventional monitoring wells were investigated 

separately to delineate two different hypothetical plumes of different age generated in either a homogenous 

or heterogeneous porous media domain, to assess the feasibility of applying the SWIF tool as part of a real-

world site characterization. 

 

4.3 Methodology  

4.3.1 Overview of Stochastic Well Installation Framework 

 

A comprehensive description of the stochastic well installation framework (SWIF) is presented in Kalia et 

al. (2020) and is summarized here for convenience. The SWIF routine is based on the rejection of possible 

plume realizations generated using a Monte Carlo (MC) approach.  SWIF consists of three modules: (1) 

Module 1 uses a semi-analytical solution (Sagar 1982) to generate multiple three-dimensional (3D) 

dissolved phase plume realizations based on user-defined probability distributions of selected input 
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parameters; (2) Module 2 generates a 3D probability map of plume presence where the maximum spatial 

extent of the plume is defined by the maximum contaminant level (MCL) using the multiple plume 

realizations from Module 1; and (3) Module 3 utilizes the probability map to assign monitoring well 

locations within a user-specified probability-based target zone and well installation frequency.  Module 3 

then collects concentration data at the newly installed monitoring well, compares the collected 

concentration data with the previously generated plume realizations, and rejects the plume realizations that 

do not match the collected data. 

 

The SWIF routine iterates over Modules 2 and 3 until one of two stopping criteria are met: (a) the number 

of remaining realizations is reduced to one (one plume is identified) or (b) the probability-based target zone 

is missing due to a low number of remaining realizations. Kalia et al. (2020) demonstrated the application 

of the SWIF routine using three synthetic “true” plumes generated assuming a homogeneous permeability 

field, and showed that a small number of monitoring wells (less than 10) were required if a medium level 

probability-based target zone (0.47 < P < 0.52) and a well installation frequency of one well per SWIF cycle 

was used. In all cases the remaining plume realizations identified by SWIF covered between 95% to 100% 

of each of the lengths of the “true” plumes. 

 

In the current study, two additional features have been added to the stochastic well installation framework: 

(1) a criterion to measure the SWIF routine success, and (2) the implementation of MIP profiles to determine 

plume presence. This study investigated two “true” plumes, one heterogeneous plume generated using a 

numerical simulation and one homogeneous plume generated using an analytical solution, which were used 

in place of a field site to test the application of the stochastic well installation framework with the two 

additional features. Application of the SWIF routine to a heterogeneous plume is an important advancement 

over the study by Kalia et al. (2020).  The SWIF routine success is defined by the number of remaining 

realizations being less than 5% of the initial plume realizations, in this case less than 50 realizations 
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remaining from 1,000 initially-generated realizations. If the stopping criterion is met but with greater than 

5% of the initially-generated realizations remain, then that is considered to be a failure of the SWIF routine. 

This criterion is independent of the SWIF routine stopping criterion, and can be adjusted if required for 

different conditions. The implementation of MIP profiles in the SWIF routine relies on converting a 

concentration profile to a discrete profile of plume presence or absence.  

 

4.3.2 Generation of the analytical “true” plume and plume realizations 

 
A single “true” plume realization, referred to as the analytical “true” plume, is generated in a homogeneous 

permeability field using the exact analytical solution of Sagar (1982):   
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×      𝑑𝜀 (Equation 4-1) 

 

where 𝑐(𝑥, 𝑦, 𝑧, 𝑡) is the solute concentration at a specific location and time, 𝑐0 is the initial source 

concentration, 𝐷𝑥
′  = 𝐷𝑥/𝑅,  𝐷𝑦

′  = 𝐷𝑦/𝑅  and 𝐷𝑧
′  = 𝐷𝑧/𝑅 are hydrodynamic dispersion coefficients 

accounting for sorption,  𝛾 is the source decay coefficient, 𝜆𝐸𝑓𝑓 is the effective first-order decay rate 

constant of the solute, 𝑣′ is the velocity of the reactive solute accounting for sorption, 𝑤 is the source width 

perpendicular to the flow direction, 𝑅 is the solute retardation factor, 𝐻 is the source thickness, 𝜀 is the 

dummy integration variable, 𝐷𝑖  is the dispersion coefficient defined by 𝐷𝑖 = 𝑣 𝛼𝑖 + 𝐷𝑚𝑜𝑙, 𝑣 is the linear 

groundwater velocity, 𝛼𝑖 is the dispersivity, and 𝐷𝑚𝑜𝑙 is the effective molecular diffusion coefficient 

(assumed to be negligible). 
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Equation 4-1 assumes an aquifer of semi-infinite extent in the x-direction, infinite extent in the +/- y-

direction, semi-infinite extent downward from the water table in the z-direction, unidirectional (x-direction) 

steady-state groundwater flow, and a patch source of constant concentration along the inflow boundary.  In 

this study a constant source concentration of dissolved trichloroethene (TCE) is adopted.  

The reactive contaminant velocity is calculated using Equation 4-2:  

 

𝑣′ =
𝐾∇ℎ

θ (1 +
𝜌𝑤𝑓𝑜𝑐𝐾𝑜𝑐

θ )

 
(Equation 4-2) 

 

where 𝐾 is the hydraulic conductivity, ∇ℎ is the hydraulic gradient, θ is the effective porosity, 𝜌𝑤 is the 

groundwater density, 𝑓𝑜𝑐 is the fraction of organic carbon content of the aquifer solids, and 𝐾𝑜𝑐 is the 

organic carbon-water partition coefficient. 

 

The list of input parameters used in Module 1 of the SWIF routine is presented in Table 4-1. The constant 

concentration source (representative of a DNAPL source) is located at 10 m in the x-direction and 100 m 

in the y-direction. The source width is 20 m (y-axis) and the source height extends from the water table to 

a depth of 5 m (z-axis). Equations 4-1 and 4-2 are also used for generating the multiple plume realizations. 

 

The analytical “true” plume and plume realizations were generated within a 400 m × 200 m × 20 m 

(horizontal length × horizontal width × vertical depth) domain, and dissolution of the source was simulated 

for 30 years. For the analytical “true” plume and the plume realizations, the analytical solution is evaluated 

at a resolution of 2 m in the horizontal plane (longitudinal and transverse directions) and 1 m in the vertical 

direction. This resolution was chosen to: (i) reduce processing time across multiple plume realizations in 

Modules 2 and 3, and (ii) limit the distance between well or MIP installations to no less than 2 m. 
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The exact contaminant model parameters such as spill location, initial spill time, and source architecture 

are not known at field sites. Five uncertain parameters; hydraulic conductivity (𝐾), fraction of organic 

carbon (f𝑜𝑐), effective first-order decay rate of solute (𝜆𝑒𝑓𝑓), source width (S𝑤), and source central 

coordinates (S𝑥,𝑦); were chosen for use in the Monte Carlo generation of multiple plume realizations.  

Continuous log-normal distributions of these parameters with geometric mean values equal to the values 

used to simulate the analytical “true” plume and a standard deviation of 1.0 were used to create uncorrelated 

random sets (1,000 of each parameter). These random sets were then combined with the parameters listed 

in Table 4-1 to create 1,000 individual plume realizations in Module 1. The number of sets was determined 

to be sufficient in this study for the stabilization of the average plume mass across all realizations, but 

additional realizations can be generated if required for different conditions.  

 

Table 4-1: Set of input parameters used for generating the analytical “true” plume and multiple plume 

realizations in homogeneous porous media. 

Parameter Description Value 

𝑥[𝑚], 𝑦[𝑚], 𝑧[𝑚] Domain length, domain width, domain depth  400, 200, 20 

∆𝑥[𝑚], ∆𝑦[𝑚]  Horizontal plane resolution 2, 2 

∆𝑧[𝑚] Vertical resolution 1 

𝐾[𝑐𝑚 𝑠−1 ]* Hydraulic conductivity 9.89E-04 

f𝑜𝑐[−]
* Fraction of organic carbon 0.003 

𝜆𝑒𝑓𝑓[−]
* Effective first-order decay rate of solute 0.138 

S𝑥,𝑦[𝑚,𝑚] Source central coordinates on domain 10, 100 

S𝑤[𝑚]
* Source width 20 

Sℎ[𝑚] Source depth below the water table 5 

∇ℎ[−] Hydraulic gradient 4.00E-03 
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ρ𝑏[𝑔 𝑐𝑚
−3] Dry bulk density 1.855 

α𝑥[𝑚] Longitudinal dispersivity 4.0 

α𝑦[𝑚] Transverse horizontal dispersivity 0.4 

α𝑧[𝑚] Transverse vertical dispersivity 0.04 

θ[−] Effective porosity 0.3 

K𝑜𝑐,𝑇𝐶𝐸[𝑙 𝑘𝑔
−1](1) TCE organic carbon-water partition coefficient 126 

 

* All parametric values are uncertain and are represented as geometric mean (GM) with log-normal 

standard deviation of 1.0 except S𝑥,𝑦 which is defined under bivariate normal distribution with GM 

(S𝑥,𝑦[m,m] = 25, 98), log-normal standard deviation of 10 and zero correlation between the co-ordinates 

(x, y). 

(1) Pankow and Cherry (1996) 

 

4.3.3 Generation of the numerical “true” plume and plume realizations 

 
Another single “true” realization, referred to as the numerical “true” plume, is generated in a heterogeneous 

permeability field using a numerical model, DNAP3D-RX. This realization was generated as part of a 

separate study (SERDP project number ER-2313) prior to conducting this study. DNAPL3D-RX is a 3D 

two-phase groundwater flow and reactive transport model and has been extensively developed by numerous 

authors in the past (Kueper and Frind 1991; Gerhard and Kueper 2003b, 2003a, 2003c; Grant et al. 2007; 

West 2009). Governing multiphase flow equations (Gerhard and Kueper 2003b; Grant et al. 2007) and 

mobile species contaminant transport (Clement 1997; Clement et al. 1998) permit the accurate simulation 

of DNAPL migration during release and subsequent redistribution in a heterogeneous permeability field 

followed by dissolution and reactive transport. The dissolution and reactive transport components of the 

numerical model result in a dissolved phase contaminant plume which was investigated during this study. 
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The list of input parameters used by the numerical model for generating the numerical “true” plume is 

presented in Table 4-2.  

An initial release of 11,044 kg of TCE DNAPL was made at the top of the domain (z = 0 m) located at 28.8 

m in the x-direction (parallel to mean groundwater flow) and 87.2 m in the y-direction (perpendicular to 

mean groundwater flow). This resulted in a subsurface DNAPL source zone approximately 37 m wide (y-

axis) and approximately 7 m (z-axis) down from the water table. Dissolution and reactive transport were 

then simulated for the next 20 years, including sorption and first-order decay.  

 

The numerical “true” plume was generated within a 126.0 m (x-direction) × 75.60 m (y-direction) × 10.05 

m (z-direction) domain at a resolution of 1.2 m in the horizontal plane (longitudinal and transverse 

directions) and 0.15 m in the vertical direction. The high vertical resolution (0.15 m) was selected to address 

objectives of a separate study (Strategic Environmental Research and Development Program, Project 

number ER-2313). The numerical “true” plume domain was created as a heterogeneous permeability field 

consisting of unconsolidated porous media with spatially-correlated random values of intrinsic permeability 

(𝑘). The permeability field was generated using the FGEN 9.1 algorithm (Robin et al., 1991) based on the 

mean and variance values listed in Table 4-2. Intrinsic permeability was assumed to follow a log-normal 

distribution. Nugget effect in the FGEN algorithm was set to zero. The fraction of organic carbon (𝑓𝑜𝑐) was 

treated as a positively-correlated random value to contribute to the heterogeneity. 
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Table 4-2: Set of input parameters used for generating the numerical “true” plume in heterogeneous porous 

media. 

Parameter Description Value 

𝑥[𝑚], 𝑦[𝑚], 𝑧[𝑚] Domain length, domain width, domain depth  126, 75.60, 10.05 

∆𝑥[𝑚], ∆𝑦[𝑚]  Horizontal plane resolution 1.2, 1.2 

∆𝑧[𝑚] Vertical resolution 0.15 

∇ℎ[−] Hydraulic gradient 5.00E-03 

ρ𝑤[𝑔 𝑐𝑚
−3] Water density 0.999 

ρ𝑏[𝑔 𝑐𝑚
−3] Soil bulk density 1.90 

ρ𝑇𝐶𝐸[𝑔 𝑐𝑚
−3] (1) TCE density 1.460 

μ𝑤[𝑝𝑎 𝑠
−1] Water viscosity 1.39E-03 

μ𝑇𝐶𝐸[𝑝𝑎 𝑠
−1] (1) TCE viscosity 5.70E-04 

𝛽𝑠𝑜𝑖𝑙[𝑝𝑎
−1] (2) Soil matrix compressibility  1.00E-07  

𝛽𝑤𝑎𝑡𝑒𝑟[𝑝𝑎
−1] (2) Fluid compressibility 4.40E-10  

𝑘[𝑚2 ] Geometric mean permeability 9.5E-13  

𝐾[𝑚 𝑑𝑎𝑦−1 ] Geometric mean hydraulic conductivity 0.60 

α𝑥[𝑚] Longitudinal dispersivity 1.00E-02 

α𝑦[𝑚] Transverse horizontal dispersivity 1.00E-03 

α𝑧[𝑚] Transverse vertical dispersivity 1.00E-04  

τ[−](2) Tortuosity factor  0.70  

λ[𝑠𝑒𝑐−1] TCE decay to cDCE first-order coefficient  4.40E-09 

θ[−] Aquifer porosity 0.30  

q𝑤[m 𝑑
−1] Groundwater Darcy’s flux 0.015  

D𝑇𝐶𝐸
0 [𝑐𝑚2 𝑠−1] TCE free-water diffusion coefficient  9.10E-06  
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D𝑐𝐷𝐶𝐸
0 [𝑐𝑚2 𝑠−1] cDCE free-water diffusion coefficient  1.13E-05  

K𝑜𝑐,𝑇𝐶𝐸[𝑙 𝑘𝑔
−1] (1) TCE organic carbon-water partition coefficient 126.00 

K𝑜𝑐,𝑐𝐷𝐶𝐸 [𝑙 𝑘𝑔
−1](1) cDCE organic carbon-water partition coefficient 86.00 

𝑅𝑇𝐶𝐸[−] Average TCE retardation factor  3.39   

𝑅𝑐𝐷𝐶𝐸[−] Average cDCE retardation factor 2.63  

𝜇ln 𝑘[𝑙𝑛 𝑚
2] Mean log permeability -27.63 

𝜎ln𝑘
2 [𝑙𝑛 𝑚2]2 Variance log permeability 1.00 

𝑓𝑜𝑐  [−] Mean fraction of organic carbon content 0.003 

𝜎𝑓𝑜𝑐
2 [−] Variance of log fraction of organic carbon content 0.3543 

ζln 𝑓𝑜𝑐 ,ln𝑘 [−] Cross correlation slope between ln 𝑓𝑜𝑐  and ln 𝑘 0.608 

λ𝐻[m]
(3) Horizontal correlation length 5 

λ𝑉[m]
(3) Vertical correlation length 0.5 

 

(1) Pankow and Cherry (1996) 

(2) Freeze and Cherry (1979) 

(3) Correlation lengths are applied equally for k and foc, and are set to be horizontally isotropic. 

 

The following boundary conditions were applied for the multiphase flow module: 

 

a) Top boundary face: A zero-flux boundary condition for both the wetting and non-wetting phases is 

specified along the entire top face of the model domain, except for during the initial DNAPL 

release, when the release portion of the top face is specified as a constant wetting phase pressure 

(P𝑤 = 0; at the water table), and a constant effective wetting phase saturation (𝑆𝑒 = 0). 
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b) Bottom boundary face: A zero-flux boundary condition for both the wetting and non-wetting 

phases. 

 

c) Up-gradient and down-gradient faces (longitudinal direction): These faces are specified as zero 

non-wetting phase flux, constant wetting phase pressure boundaries. Values for the wetting phase 

pressures are selected to represent an ambient hydraulic gradient (∇ℎ) of 0.005 throughout the 

model domain. 

d) Left and right vertical faces parallel to flow: These faces are specified as zero non-wetting phase 

flux and constant wetting phase pressure boundaries. 

 

To match the resolution of the plume realizations from Module 1 used to predict the numerical “true” plume, 

the numerical “true” plume was up-scaled to a 400 m × 200 m × 20 m (horizontal length × horizontal width 

× vertical depth) domain at a resolution of 1.2 m in the horizontal plane (longitudinal and transverse 

directions) and 1.05 m in the vertical direction. This scaling process was necessary for two main reasons: 

(i) because the observations taken from monitoring wells in the numerical “true” plume must match the 

exact locations in the multiple plume realizations and generating multiple plume realizations at a centimeter 

resolution can result in large disk storage requirements (multiple terabytes), and (ii) processing all plume 

realizations at centimeter scale can take up to days. The scaled numerical “true” plume reflects the outputs 

(TCE concentration and TCE saturation) to a vertical depth averaged output. 

 

Similar to the suites of realizations generated earlier for predicting the analytical “true” plume, five 

uncertain parameters; hydraulic conductivity (𝐾), fraction of organic carbon (f𝑜𝑐), and effective first-order 

decay rate of solute (𝜆𝑒𝑓𝑓), source width (S𝑤), and source central coordinates (S𝑥,𝑦) are chosen for this 

numerical “true” plume study. Initial source central coordinates (x, y = 56 m, 98 m) were identified as the 

down-gradient extent of DNAPL. Continuous log-normal distributions of these parameters with geometric 
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mean values equal to the values used to simulate the numerical “true” plume and a standard deviation of 

1.0 were used to create uncorrelated random sets (1,000 of each parameter). These random sets were then 

combined with the rest of the parameters listed in Table 4-3 to create 1,000 individual plume realizations 

in Module 1 using Equations 4-1 and 4-2 and the dissolution of the source was simulated for 20 years. The 

number of sets was determined to be sufficient in this study for the stabilization of the average plume mass 

across all realizations, but additional realizations can be generated if required for different conditions.  

 

Table 4-3: Set of input parameters used for generating multiple plume realizations in predicting the 

numerical “true” plume. 

Parameter Description Value 

𝑥[𝑚], 𝑦[𝑚], 𝑧[𝑚] Domain length, domain width, domain depth  399, 199.8, 18.975 

∆𝑥[𝑚], ∆𝑦[𝑚]  Horizontal grid block size 1.2, 1.2 

∆𝑧[𝑚] Vertical grid block size 1.05 

𝐾[𝑚 𝑦𝑒𝑎𝑟−1 ]*1 Hydraulic conductivity 4.75E-04 

f𝑜𝑐[−]
*1 Fraction of organic carbon 3.00E-03 

𝜆𝑒𝑓𝑓[−]
*1 Source decay 0.138 

S𝑥,𝑦[𝑚,𝑚]
*2 Source central coordinates  56, 98 

S𝑤[𝑚]
*1 Source width 40 

Sℎ[𝑚] Source height from groundwater level 5 

∇ℎ[−] Hydraulic gradient 4.00E-03 

ρ𝑏[𝑔 𝑐𝑚
−3] Dry bulk density 1.855 

α𝑥[𝑚] Longitudinal dispersivity 4.0 

α𝑦[𝑚] Transverse horizontal dispersivity 0.1 

α𝑧[𝑚] Transverse vertical dispersivity 0.01 
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λ[𝑦𝑒𝑎𝑟−1] First-order decay coefficient 0.138 

θ[−] Aquifer porosity 0.3 

K𝑜𝑐,𝑇𝐶𝐸[𝑙 𝑘𝑔
−1](1) TCE organic carbon-water partition coefficient 126 

 

(1) Pankow and Cherry (1996) 

*1 All parametric values are represented as geometric mean (GM) with log-normal standard deviation of 

1.0.  

*2 All parametric values are represented as geometric mean (GM) with log-normal standard deviation of 10 

and zero correlation between them. 

 

4.3.4 Example implementation of the SWIF routine 

 
In field applications, a MIP signal is interpreted as a concentration profile by either collecting samples of 

vaporized compounds using a MIP probe in conjunction with a direct push platform and analysing those 

samples using a variety of field or laboratory analytical methods, or adding additional sensors to the probe 

to estimate contaminant concentration (Bronders et al. 2009).  In this study, a MIP signal corresponding to 

a dissolved concentration of ≥ 5 μg/L was treated as plume presence and < 5 μg/L as plume absence. 

However, different plume identification schemes were incorporated into the stochastic well installation 

framework by applying different levels of rigour regarding the depth at which these concentrations were 

detected.  This is particularly important for plumes where the concentration profile is non-monotonic, such 

that a plume could register as being present at a given depth interval but absent above and below that 

interval.  These three different schemes are referred to as strict, moderate, and loose, and are illustrated in 

Figure 4-1 using five hypothetical MIP concentration profiles. Two MIP profiles (T1 and T2) are examples 

of those in a “true” plume generated using a numerical simulation, referred to as “true” MIP profiles, and 

three profiles (S1, S2 and S3) are examples of those in three simulated plumes generated using the analytical 

solution in the SWIF routine, referred to as SWIF MIP profiles. 
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Figure 4-1: An illustration of five MIP concentration profiles (T1, T2, S1, S2 and S3) along with the SWIF 

concentration indicators (presence given by + and absence by -). The vertical red line represents a 5µg/L 

concentration.  

 

 For a “true” profile and a SWIF profile to be considered a match (i.e., the realization is not rejected) 

using the strict scheme, all concentration indicators (+, -) on the “true” profile must match all the 

concentration indicators at the same depth on the SWIF profile. For example, none of S1, S2 or S3 

would match T1 or T2 using a strict scheme. The strict scheme is set as the default in the SWIF 

routine, and was used previously to investigate monitoring well placement (Chapter 3). 

 

 For a “true” profile and a SWIF profile to be considered a match using the moderate scheme, at-

least one concentration indicator (only +) on the “true” profile must match with the concentration 

indicator at the same depth on the SWIF profile. For example, S2 and S3 would match T1, and S1, 

S2 and S3 would match T2 using a moderate scheme. 
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 For a “true” profile and a SWIF profile to be considered as a match using the loose scheme, at-least 

one concentration indicator (only +) on the “true” profile must match with the concentration 

indicator at any depth on the SWIF profile. For example, all of S1, S2 or S3 would match T1 or T2 

using a loose scheme. 

 
The SWIF routine was applied to delineate two “true” plume spatial extents, the analytical “true” plume 

and the numerical “true” plume. For each of these plumes, three target zones with a frequency of one 

installation per cycle (well or MIP, one approach at a time) were investigated: P = 0.20 to 0.25, P = 0.47 to 

0.52, and P = 0.80 to 0.85. A low target zone targets the contour range on the probability map where 

concentrations are unlikely to be greater than 5 µg/L (few plume realizations would satisfy this) and a high 

target zone targets the contour range where concentrations are likely to be greater than 5 µg/L (many 

realizations would satisfy this). The criterion of one installation per cycle is selected in order to have greater 

efficiency of the SWIF routine as suggested by Kalia et al. (2020) (Chapter 3). 

 

In this study, the investigation of a “true” plume using one target zone and one installation per SWIF routine 

cycle is referred to as an investigation-strategy. The SWIF routine was applied to 12 different investigation-

strategies (all combinations of three target zones and two types of monitoring installations; wells and MIPs 

with default strict scheme) for each of the two “true” plumes (analytical “true” plume and numerical “true” 

plume). Special attention was given to the delineation of the numerical “true” plume extent with MIP 

installations where two additional investigation-strategies with MIP schemes (moderate and loose) were 

conducted in addition to the 12 different investigation-strategies. These additional investigation strategies 

were necessary to investigate the non-monotonicity of MIP signals obtained at the monitoring locations in 

the numerical “true” plume which may lead to failure of the SWIF routine. 

 

In each investigation-strategy, the selection of monitoring locations in a target zone is random. Therefore, 

each investigation-strategy was repeated 50 times to determine the uncertainty associated with the random 
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choice of monitoring location.  To differentiate this from the plume realizations, these are referred to as 

replicates.  

 

4.4 Results and Discussion 

4.4.1 Analytical “true” plume  

 

The analytical “true” plume is depicted in Figure 4-2. The analytical “true” plume maximum extents are 

115 m, 57 m and 11 m (longitudinal direction, transverse direction and vertical direction), defined by the 

location of the 5 µg/L concentration contour. 

 

 

 

 

Figure 4-2: a) Top view at the water table, and b) vertical cross-sectional view along the centerline of the 

plume for the analytical “true” plume after 30 years of dissolution from the constant concentration source. 

 

The probability map based on the initial 1,000 realizations generated for the analytical “true” plume 

prediction (Appendix C) forms the basis for the random selection of installations (either monitoring well or 

MIP) in a defined target zone. With a chosen investigation-strategy, the maximum extents of this initial 

probability map continues to decrease after each cycle of the SWIF routine, resulting in a series of refined 

probability maps. 

(a) 

(b) 
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As an example, two refined probability maps (one using monitoring well installations and one using MIP 

installations with the strict scheme) generated under an investigation-strategy using medium level target 

zone and a one well per cycle installation frequency are depicted in Figure 4-3. Figures 4-3a and 4-3b 

represent the top view and the vertical cross-sectional view of a refined probability map generated at the 

termination of the SWIF routine along with monitoring well locations (yellow circles) specified by the 

SWIF routine representing the lateral placement (Figure 4-3a), and the depth of the well screen mid-point 

(Figure 4-3b).  Figures 4-3c and 4-3d represent the top view and the vertical cross-sectional view of a 

refined probability map with allocated MIP locations (yellow diamonds) specified by the SWIF routine 

representing the lateral placement (Figure 4-3c), and the MIP sampling locations at an up-scaled resolution 

of 1.05 m (Figure 4-3d).  

 

  

  

Figure 4-3: a) Top view at the water table and b) vertical cross-sectional view along the centerline of a 

refined probability map using monitoring wells with the locations of monitoring well screens (yellow 

(a) (c) 

(b) (d) 
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circles), and c) Top view at the water table and d) vertical cross-sectional view along the centerline of a 

refined probability map using MIPs with the MIP locations to 1.05 m resolution (yellow diamonds), 

generated at the termination of the SWIF routine in prediction of analytical “true” plume. 

In the investigation-strategy with monitoring well installations (Figures 4-3a and 4-3b), a total of ten cycles 

(and therefore a total of ten well installations) were required to meet the SWIF stopping criterion. The 

refined probability map maximum extents are 117 m × 57 m × 11 m and represent the plume extents of the 

remaining realizations (in this case, two realizations), which are very similar to the “true” analytical 

maximum plume extents, 115 m × 57 m × 11 m  (Figures 4-2a and 4-2b). Applying the same investigation-

strategy with MIP installations, a total of only four cycles were required to meet the SWIF stopping 

criterion. This is due to the fact that more information (multiple sampling points with depth) is provided 

for assessing plume presence or absence at each installed MIP location, resulting in more realization 

rejections during each cycle. The refined probability map maximum extents with MIP installations are 115 

m × 70 m × 11 m and represents the plume extents of the remaining realizations (in this case, seven 

realizations), which are also very similar to the “true” analytical maximum plume extents.  

 

To further investigate the progression of the SWIF routine in the example illustrated in Figure 4-3, the 

number of realizations remaining after each cycle is shown in Figure 4-4a. The x-axis represents the number 

of monitoring wells or MIPs installed and the y-axis represents the number of realizations remaining after 

each cycle. Figure 4-4a shows the convergence of the SWIF routine to two remaining realizations with 

monitoring well installations and seven remaining realizations with MIP installations, where the remaining 

realizations decrease during each cycle until the SWIF stopping criterion is met. These realizations 

remaining plots demonstrate the monotonic nature of the SWIF routine, where plume realizations continue 

to be rejected during each cycle. Also shown in Figure 4-4a, at the completion of the first cycle with the 

MIP installation investigation-strategy, a high number of realizations (933 realizations) were rejected in 

comparison to the first cycle with the monitoring well installation investigation-strategy. This reflects the 
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aggressive nature of the SWIF routine in terms of realizations rejected when using the MIP installation 

investigation-strategy compared to the well installation investigation-strategy, with both investigation-

strategies (monitoring wells and MIPs) leading to similar remaining plume realizations.  

 

Because the SWIF routine assigns randomly-chosen sampling locations (monitoring wells or MIPs) within 

a specified target zone, it is important to investigate the robustness of the routine to those random locations.  

That is, can the SWIF routine converge to a low number of remaining realizations with monitoring well 

and MIP installations as long as they are within the target zone? The sensitivity of the SWIF routine to the 

random locations for an investigation-strategy that uses a target zone of P = 0.47 to 0.52 per unit installation 

per cycle was conducted 50 times and the results are presented in Figure 4-4b. These results show that 

across all of the 50 replicates: (i) the number of realizations remaining at the end of the SWIF routine range 

from 1 to 15 (<1.5% of the initial realizations) with monitoring well installations, and 1 to 86 (<8.6% of 

the initial realizations) with MIP installations, and (ii) the number of monitoring wells required ranged from 

6 to 10, and the number of MIPs required ranged from 1 to 4. It is important to note that only six of the 50 

replicates failed (as discussed in Section 3.3.1) using only a single MIP installation.  All of the remaining 

realizations in the 50 replicates are very similar to the analytical “true” plume, and the maximum extent of 

the 3D probability maps resulting from these remaining realizations are also very similar to the “true” 

analytical maximum extent (Figure 4-2). 
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Figure 4-4: Realizations remaining versus number of installations for (a) a single investigation-strategy, 

and (b) 50 replicate investigation-strategies, implemented using a target zone of 0.47-0.52 and a unit 

installation per cycle. The purple color represents monitoring wells and the red color represents MIPs. 

 

4.4.2 Effect of different target zone on the analytical “true” plume 

 
A total of six replicate investigation-strategies (three with monitoring wells and three with MIPs using a 

strict scheme) were conducted for different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and  𝑃0.80−0.85) to predict 

the spatial extent of the analytical “true” plume. The number of realizations remaining per installation and 

the histogram of total installations at the termination of the SWIF routine for the replicate investigation-

strategies are depicted in Figure 4-5. 

 

For the replicate investigation-strategies conducted using a low probability target zone (Figures 4-5a and 

4-5d), a maximum of 13 monitoring wells and six MIPs were installed across each set of replicates, 

respectively. The realizations remaining curves for these investigation-strategies are depicted in Figure 

4-5a. Most of the MIP realizations remaining curves converge at a faster rate in comparison to the 

monitoring well realizations remaining curves. This is due to the fact that a MIP has multiple depth 

monitoring points in comparison to a single monitoring well screen, allowing the SWIF routine to refine 

(a) (b) 
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the multiple plume realizations faster by matching sampling results (contaminant presence or absence) at 

multiple depths at those locations against the analytical “true” plume sampling locations.  

 

For the same replicate investigation-strategies, the histograms of total installations obtained at the 

termination of the SWIF routine are depicted in Figure 4-5d. These histograms show the maximum 

occurrences of total unit installations in a replicate, and indicate the SWIF routine failure if any. That is, if 

any replicates met the stopping criteria without reducing the number of remaining realizations below 50.  

For example, there were no failures in low probability target zone (Figure 4-5d) and two failures out of 50 

replicates in both medium probability target zone and high probability target zone studies (Figures 4-5e and 

4-5f). In Figure 4-5d, the maximum occurrence of the total well installations in a replicate, referred to as 

mode well installations, is eight whereas the maximum occurrence of the total MIP installations in a 

replicate, referred to as mode MIP installations, is three. No SWIF routine failure occurred in any of these 

unit replicate investigation-strategies.   
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0.20 < P < 0.25 0.47 < P < 0.52 0.80 < P < 0.85 

 

  

Figure 4-5: a) Realizations remaining curves of monitoring well (purple color) and MIP (red color) 

installations in replicate investigation-strategies conducted at a target zone, 𝑃0.20−0.25 , b) 𝑃0.47−0.52 , c) 

𝑃0.80−0.85 , and d) histogram plot of monitoring well (purple color) and MIP (red color) installations in 

replicate investigation-strategies conducted at a target zone, 𝑃0.20−0.25 , e) 𝑃0.47−0.52 and f) 𝑃0.80−0.85 for 

an installation frequency of one well or MIP per cycle. Light gray color represents the SWIF routine failures 

that occurred in the investigation-strategy.  

 

Application of a different probability target zone shows the sensitivity of the installed locations resulting 

in different realizations remaining curves and a different number of installations required to predict the 

analytical “true” plume. With an increase in the probability target zone (Figure 4-5, left to right), the MIP 

realizations remaining curves continue to remain below (converge faster than) the monitoring well 

realizations remaining curves. This is due to the fact that for the input parameter distributions used in this 

(d) (e) (f) 

(a) (b) (c) 
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study, MIP locations chosen by the SWIF routine at a large target zone (𝑃0.80−0.85) are near or within the 

analytical “true” plume, and having multiple depth sampling points near or within the “true” plume allows 

the SWIF routine to speed up the realization rejection rate. In the high probability target zone (Figures 4-

5c and 4-5f), a maximum of 17 monitoring wells and four MIPs were installed to delineate the analytical 

“true” plume. The mode well installations is 14 in the monitoring well installation replicate investigation-

strategy whereas the mode MIP installations is three including two SWIF routine failures due to a large 

number of remaining realizations (168 and 122) in the MIP installation replicate investigation-strategy. For 

a medium probability target zone (Figures 4-5b and 4-5e), a maximum of 10 monitoring wells and four 

MIPs were installed to delineate the analytical “true” plume. The mode well installations is noted as 14 in 

the monitoring well installation replicate investigation-strategy whereas the mode MIP installations is two 

including two SWIF routine failures due to a large number of left-over realizations (in this case; 55 and 86) 

in the MIP installation replicate investigation-strategy. 

 

The few realizations remaining in the above presented three target zone examples illustrate that the SWIF 

routine is capable of determining the extent of the analytical “true” plume using either monitoring wells or 

MIPs. In these studies; for a monitoring well installation investigation-strategy, a medium target zone 

criterion is preferable as the realizations remaining curves are consistent (little variation between 

replicates). For a MIP installation investigation-strategy, there is less variability in mode MIPs installation 

(between two and three) in the three target zone examples, however, a large number of replicates (> 50) 

may lead to more SWIF routine failures at medium and large target zones. Therefore, a low target zone 

criterion is preferable for a MIP installation investigation-strategy in a less complex site-investigation. 
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4.4.3 Numerical “true” plume  

 

The numerical “true” plume is depicted in Figure 4-6. The maximum extents of the numerical “true” plume 

are 67 m, 47 m and 7 m (longitudinal direction, transverse direction and vertical direction), defined by the 

location of the 5 µg/L concentration contour.   

 

 

 

 

Figure 4-6: a) Top view at the water table, and b) vertical cross-sectional view along the centerline of the 

plume for the numerical “true” plume after 20 years of dissolution from the source.  

 

The probability map based on the initial 1,000 realizations generated for the numerical “true” plume 

delineation (Appendix C) forms the basis for the random selection of monitoring installations (either a 

monitoring well or MIP) in a defined target zone. Four refined probability maps (one using monitoring well 

installations and three using MIP installations with strict, moderate and loose schemes) generated at the 

termination of the SWIF routine under an investigation-strategy using a medium probability target zone, 

are depicted in Figure 4-7. Figures 4-7a to 4-7d represent the top view and Figures 4-7e to 4-7h represent 

the vertical cross-sectional view of the refined probability maps along with allocated monitoring well 

locations (yellow circles) and the MIP locations (yellow diamonds) specified by the SWIF routine. In this 

example, a total of seven monitoring well installations (Figures 4-7a and 4-7e) were required to meet the 

(a) 

(b) 
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SWIF stopping criterion. The refined probability map maximum extents are 60 m × 56 m × 8.5 m and 

represent the plume extents of the remaining realizations (nine realizations). 

 

Applying the same investigation-strategy with MIP installations (Figures 4-7b to 4-7d, and 4-7f to 4-7h), 

the strict scheme failure (which is recorded as one MIP installation), and nine MIP installations for the 

moderate and the loose schemes were required to meet the SWIF stopping criterion. It is important to note 

that using the strict MIP routine resulted in no realization rejections and a failure to converge, while both 

the moderate and loose schemes rejected 996 realizations and stopped only once the target probability zone 

was no longer available.  The refined probability map maximum extents are 587 m × 125 m × 18 m for the 

strict scheme representing the plume extents of 1,000 remaining realizations (zero realization rejections), 

and 57 m × 54 m × 7.5 m representing the plume extents of four remaining realizations for both the moderate 

and loose schemes. In all of these examples, except MIP installations with a strict scheme, the remaining 

realizations are very similar to the “true” numerical maximum plume extents, 67 m × 47 m × 7 m (Figures 

4-7a and 4-7b). Also, the total number of installations (either monitoring wells or MIPs without the strict 

scheme) are similar (seven to nine) for the same investigation-strategy. This is due to the fact that, under 

the MIP moderate or loose schemes, the “true” sampling measurements obtained from the monitoring 

location on the numerical “true” plume satisfy the SWIF concentration indicators (as described in section 

4.3.4) at that location in the multiple plume realizations, resulting in a MIP measurement occasionally 

acting as a single point measurement.  
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Figure 4-7: a) Top view at the water table of a refined probability maps generated at the termination of the SWIF routine in prediction of numerical 

“true” plume using well installations, b) MIP installations with strict scheme, c) MIP installations with moderate scheme, d) MIP installations with 

loose scheme, and e) vertical cross-sectional view along the centerline of a refined probability using well installations, f) MIP installations with strict 

scheme, g) MIP installations with moderate scheme, h) MIP installations with loose scheme. Yellow circles represent the screen location of 

monitoring wells and yellow diamonds represent the MIP locations to 1.05 m resolution. 

(a) 

(b) (c) (d) 

(e) (f) (g) (h) 
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To further investigate the failure of the SWIF routine in the example illustrated in Figures 4-7b and 4-7f, 

Figure 4-8 depicts two MIP profiles, one from the numerical “true” plume and one from an analytical 

realization used by the SWIF routine, of dissolved phase TCE concentration at an investigation location (x, 

y = 59.4, 111) along with the SWIF concentration indicators. The plume realization associated with the 

SWIF MIP profile (Figure 4-8b) is rejected if the MIP strict scheme is applied, whereas for the same 

investigation-strategy with moderate and loose schemes, the SWIF MIP profile is accepted. Because all the 

SWIF generated plume realizations have similar MIP profiles to Figure 4-8b (i.e., concentration decreases 

monotonically with depth), the SWIF routine fails to satisfy the true MIP profile, resulting in failure.   

 

 

  

Figure 4-8: Two MIP profiles (“true” MIP and SWIF MIP) of dissolved phase contaminant concentration 

versus depth (mgl−1) obtained at an investigation location (x, y = 59.4, 111) for (a) the numerical “true” 

plume, and (b) one of the multiple plume realizations; along with the SWIF concentration indicators (+,-). 

 

  

(a) (b) 
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4.4.4 Effect of different target zone on the numerical “true” plume 

 
Similar to the analytical “true” plume study, the effect of randomly-chosen monitoring locations within a 

specified target zone was studied by investigating the numerical “true” plume multiple times (50) under the 

same investigation-strategy. Each replicate investigation-strategy was conducted on three different target 

zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85), resulting in a total of six replicate investigation-strategies 

(three with monitoring wells and three with MIPs using the strict scheme). The results of realizations 

remaining per installation and the histogram of total installations at the termination of the SWIF routine are 

depicted in Figure 4-9. 

 

For the replicate investigation-strategy conducted using a low probability target zone (Figures 4-9a and 4-

9d), a maximum of 13 monitoring wells or nine MIPs were installed for two distinct monitoring well and 

MIP (with strict scheme) replicate investigation-strategies, respectively. The realizations remaining curves 

for these strategies are depicted in Figure 4-9a. A continuous decrease of the realizations remaining curves 

reflects the SWIF routine progression for both the monitoring well and MIP installation investigation, 

however closer attention is needed towards the number of realizations remaining at the termination of the 

SWIF routine, which reflects the SWIF routine success or failure (Figure 4-9d). No SWIF routine failures 

were observed with the well installation strategy, whereas 37 failures (out of 50 replicates) occurred using 

the MIP installation strategy. This high number of failures is in relation to the strict scheme implemented 

with the MIP installations, as described in section 4.3.4.   
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0.20 < P < 0.25 0.47 < P < 0.52 0.80 < P < 0.85 

  

 

Figure 4-9: a) Realizations remaining curves of monitoring well (purple color) and MIP (red color) 

installations in replicate investigation-strategies conducted at a target zone, 𝑃0.20−0.25 , b) 𝑃0.47−0.52 , c) 

𝑃0.80−0.85 , and d) histogram plot of monitoring well (purple color) and MIP (red color) installations in 

replicate investigation-strategies conducted at a target zone, 𝑃0.20−0.25 , e) 𝑃0.47−0.52 and f) 𝑃0.80−0.85 for 

an installation frequency of one well or MIP per cycle. Light gray color represents the SWIF routine failure 

occurred in the investigation-strategy. 

 

With an increase in the probability target zone (Figure 4-9, left to right), both monitoring well and MIP 

realizations remaining curves show a continuous decrease in realizations remaining in the SWIF routine 

progression. No SWIF routine failures were noted with the monitoring well installation strategy, whereas a 

large number of failures are associated with the MIP installation strategy. The successful SWIF routine 

progression in rejecting plume realizations for delineating the numerical “true” plume using monitoring 

(a) (b) (c) 

(d) (e) (f) 
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well installations in all target zones confirms the feasibility of the routine application to a heterogeneous 

field-site. In Figures 4-9b and 4-9e, the well installation replicate investigation-strategy at a medium level 

target zone has a mode installations value of 10 and reflects the least variation in the realizations remaining 

variability. However, with the MIP installations, 42 failures (out of 50 replicates) occurred using the MIP 

installation strategy implementing strict scheme. Due to the large number of failures that occurred using a 

strict MIP scheme and the medium probability target zone, this analysis was repeated using both the 

moderate and loose MIP schemes.  The medium probability target zone was chosen because there is a 

minimum spread in the realizations remaining when using monitoring well installations. The mode MIP 

installations was 13 for both the MIP moderate and loose schemes, with no SWIF routine failures (Appendix 

C). 

 

4.5 Summary and Conclusions 

 
The SWIF routine was applied to two different synthetic contaminant “true” plumes (the analytical “true” 

plume and the numerical “true” plume). These plumes were simulated analytically (homogeneous 

permeability field) and numerically (heterogeneous permeability field) using two different mathematical 

models. For predicting these “true” plumes using the SWIF routine, a set of 1,000 possible plume 

realizations (for each “true” plume) was generated by having variability in five model parameters; hydraulic 

conductivity, fraction of organic carbon, effective first-order decay rate of solute, source width, and source 

central coordinates. With these model parameters, the plume delineation problem was simplified and the 

unit monitoring (well or MIP, one at a time) locations were predicted via a probability-based stochastic 

approach. 

 

This study was focused on analyzing three different probability target zones with a unit installation 

frequency criterion. A total of 12 different investigation-strategies (each repeated 50 times) were conducted. 

Six investigation-strategies, three with monitoring well and three with MIP installations, were applied to 
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identify the “true” analytical plume and six investigation-strategies for identifying the “true” numerical 

plume. The suites of realizations generated in predicting the analytical and numerical “true” plumes were 

different. The SWIF routine has reflected its best efficiency in predicting both “true” plumes (no SWIF 

routine failure), with a strategy where monitoring well were installed in the target probability zone of 0.47 

to 0.52. For this strategy, the least variation in the realizations remaining variability was noticed in 

comparison to other strategies where the target zone was different. The number of monitoring well 

installations were less than or equal to ten for delineating the spatial extent of both “true” plumes. The 

SWIF routine with monitoring well installations has not only demonstrated the successful development of 

a CSM in both homogeneous and heterogeneous permeability fields, but has also provided a better 

understanding towards efficient data collection in a medium probable target zone. 

 

While the SWIF routine is applied to the analytical “true” plume with a strategy where the MIP installations 

take place in the target zone of 0.47 to 0.52, less than four MIP installations are required to determine the 

spatial extent of the plume. This total number of installations is almost half in comparison to the total 

number of monitoring well installations for the same strategy. Although, the SWIF routine has high 

successes in predicting the numerical “true” plume with MIP under moderate and loose strategies, further 

study is needed on the selection of MIP schemes for a site-exploration.  

 

A probabilistic-based stochastic well installation framework, SWIF, was upgraded to support formal 

decisions associated with MIP installations for cost-effective delineation of contaminant plumes in 

groundwater. While traditional monitoring well installations are typically carried out at different locations 

and depth intervals, the original SWIF routine provides targeted installation locations for monitoring wells. 

Refining these targeted sampling locations with the usage of MIPs, the upgraded SWIF routine has the 

potential to be a valuable tool for cost effective plume delineation. This study has shown that the SWIF 
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routine can be applied as a decision support tool at a site where monitoring well and MIP installation 

programs are carried out for plume delineation. 

 

It is expected that to make a use of SWIF routine at a real field site, an individual practitioner should focus 

on collecting information to determine the mathematical model input parameters to which the extent of a 

plume is most sensitive. Source parameters such as source dimensions (longitudinal, transverse, and vertical 

directions) and source location, and aquifer parameters such as the groundwater Darcy flux and the 

macroscopic dispersivity, should carry more weight during the data collection process compared to other 

model input parameters. While this paper has demonstrated the SWIF routine application with monitoring 

wells and MIPs on a less complex synthetic site (i.e. the numerical plume), various complexities can further 

be implemented and tested. For example: (a) the extension of the SWIF routine from a single source 

dissolution process to multi-source dissolution processes, and (b) the application of the SWIF routine to a 

real field site investigation. 
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Chapter 5: Conclusions and Recommendations 

5.1 Overall Conclusions 

 

The goal of this research was to addresses the uncertainty associated with mathematical model input 

parameters in CSM development, and to develop a decision support tool addressing an optimized way of 

collecting monitoring data during a site investigation. A numerical solution-based model (DNAPL3D-RX) 

and a semi-analytical solution-based model (Module 1, stochastic well installation framework) were used 

to generate multiple high-resolution field-scale three-dimensional groundwater datasets as representations 

of field sites, referred to as “true” plumes. With reference to these “true” plumes, various aspects of research 

including variability in model input parameter uncertainty, optimizing sampling strategies, and providing 

recommendations for new monitoring locations during site investigation, were explored using an existing 

tool (SCOToolkit3D) and a new tool developed as part of this research, a stochastic well installation 

framework (SWIF).  

 

The following conclusions can be made based on the results of this research conducted using 

SCOToolkit3D: 

 

1) All predicted plume realizations generated from samples taken from pre-existing monitoring wells (one 

at a time) had similar maximum spatial plume extents and all these maximum plume extents were 

relatively close to those of the “true” plume maximum plume extents. 

 

2) All predicted plume realizations did not match the “true” plume concentrations, and a few concentration 

zones in the predicted plume realizations exceeded the contaminant solubility limit, thereby limiting 

SCOToolkit3D in delineating the “true” plume concentrations. 
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3) With a large uncertainty (standard deviation of 1.0) in model input parameters, SCOToolkit3D resulted 

in poor model input parameter calibration. 

 

The above listed limitations of SCOToolkit3D in characterizing plumes led to the motivation to develop 

the SWIF routine, which not only mitigated the earlier discovered failure of SCOToolkit3D, but also 

provided a formal decision support tool for groundwater practitioners to reduce cost and uncertainty in 

developing a CSM by supporting monitoring well or membrane interface probe (MIP) installation decisions 

through a probabilistic approach. The following conclusions can be made based on the results of this 

research conducted using the SWIF routine: 

 

1) The feature of generating multiple equally likely plume realizations, while accounting for uncertainties 

in multiple model input parameters and incorporating the “true” plume in those realizations, allowed 

the routine to predict the maximum extent of the “true” plume using a probabilistic approach. 

 

2) Installing monitoring wells within low and high probability target zones resulted in a larger number of 

monitoring well installations and a high site characterization cost, compared to installing monitoring 

wells in a medium level probability target zone. 

 

3) Installing MIPs within low and high probability target zones resulted in a larger number of MIP 

installations, compared to installing MIPs in a medium level probability target zone. 

 

4) The SWIF routine had reflected its best efficiency in predicting all the “true” plumes with a strategy 

where monitoring well or MIP installations took place in the target probability zone of 0.47 to 0.52. 

For this strategy, the least variation in the realizations remaining variability was noticed in comparison 

to other strategies where the target zone was different. 
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5) For a chosen “true” plume investigation strategy with same criteria in the SWIF routine, the total 

number of MIP installations were less in comparison to the total number of monitoring well 

installations.  

 

5.2 Recommendations 

 

Several recommendations for future work have been identified based on the results presented here.  Future 

experimental, analytical and numerical studies should be conducted using stochastic well installation 

framework which include: 

 

1. Extend the stochastic well installation framework utilizing a dynamic number of unit installations per 

SWIF routine cycle. This work may allow the SWIF routine to arrive at a fewer number of total unit 

installations in an investigation strategy compared with the current version of the SWIF routine (i.e. 

constant number of unit installations per cycle) application.   

 

2. Apply the SWIF routine to a real field site investigation. While the routine application is limited to 

trichloroethene plume characterization, it can be extended to other types of contaminant plume 

characterization by updating the NAPL solubility, sorption and degradation parameters. 

 

3. Deploy the SWIF routine on computer clouds and put the computational power on high-performance 

servers rather than on desktop machines. This extension will not only help groundwater practitioners 

to make investigation decisions in real-time, but will also minimize the computational cost and time.  
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4. Development of a graphical user interface for the SWIF routine application can make it user-friendly 

and can allow a user to project the total site characterization cost, and well/MIP locations in virtual 

reality for a given set of inputs. 

 

5. Data storage of different site investigations utilizing this SWIF routine can be a significant asset for the 

future research of site investigation. This data can be used to train various machine learning models 

and can identify trends in groundwater investigation strategies. 

 

6. The use of the SWIF routine should not be limited to groundwater application. The core structure 

(investigation under probability approach) can be tailored to other research areas such as mineral or oil 

exploration, cell location searches in medical research, etc.    
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Appendix A 

Verifying mathematical solution presented in Stochastic Well Installation 

Framework against Bio Screen-AT 

 

BIOSCREEN-AT (Karanovic et al. 2007) is an enhancement of the standard BIOSCREEN program. In 

BIOSCREEN-AT a second solution method has been implemented that can be chosen by the user as an 

alternative to the Domenico solution (Domenico 1987). The alternative method is an exact three-

dimensional analytical solution (Sagar 1982) for solute transport from a patch boundary condition within a 

semi-infinite aquifer. This solution, unlike the Domenico solution, is exact and with the use of this method 

the user does not introduce numerical error of unknown magnitude into the solution. With BIOSCREEN-

AT it is possible to easily quantify the error introduced by the Domenico solution, and to present results 

calculated using either – or both – solution methods. 

 

Because the stochastic well installation framework (SWIF) utilizes an exact three-dimensional analytical 

solution for solute transport (Sagar 1982), a validation test was conducted by generating a single two-

dimensional trichloroethene dissolved phase plume realization using the same input parameters in both the 

BIOSCREEN-AT program and the SWIF routine. The input parameter selections (Table A1) were made 

for validation purposes only and had no relation to any existing contaminant site. In BIOSCREEN-AT, the 

horizontal plane resolution was auto-set to 44 m × 24 m whereas in the SWIF routine, the horizontal plane 

resolution was set to be 2 m × 2 m. For validation purposes, four concentration profiles (two from 

BIOSCREEN-AT and two from the SWIF routine) were generated; one for each model at Y = 24 m, and 

one for each model along the centerline of the plume (Figures A1 and A2). 
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Table A1: Set of input parameters used for generating two-dimensional plume realization 

Parameter Description Value 

𝑥[𝑓𝑡], 𝑦[𝑓𝑡] Domain length, domain width 1450, 320 

𝑇[𝑦𝑟] Simulation time 30 

𝑊[𝑓𝑡] Source width 100 

𝐻[𝑓𝑡] Source height 10 

∇ℎ[−] Hydraulic gradient 4.80E-02 

ρ𝑏[𝑔 𝑐𝑚
−3] Dry bulk density 1.7 

α𝑥[𝑓𝑡] Longitudinal dispersivity 9.483 

α𝑦[𝑓𝑡] Transverse horizontal dispersivity 0.984 

α𝑧[𝑓𝑡] Transverse vertical dispersivity 0 

θ[−] Effective porosity 0.25 

D0[𝑐𝑚2 𝑠−1] Contaminant free-water diffusion coefficient 0 

𝐶0[𝑚𝑔 𝑙
−1] Source concentration 1100 

K𝑜𝑐[𝑙 𝑘𝑔
−1] Contaminant organic carbon-water partition coefficient 126 

𝑓𝑜𝑐  [−] 
Mean fraction of organic carbon content 0.0025 

𝐾[𝑐𝑚 𝑠−1 ] Hydraulic conductivity 8.10E-03 
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Figure A1: Concentration profile at Y = 24 m for BIOSCREEN-AT and the SWIF routine after 30 

years of dissolution from a constant concentration source.  

 

 

Figure A2: Concentration profile along the plume centerline for BIOSCREEN-AT and the SWIF 

routine plume after 30 years of dissolution from a constant concentration source. 
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Figure A3: Concentration profile at Y = 0.6 m for BIOSCREEN-AT and the SWIF routine after 30 

years of dissolution from a constant concentration source. 
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Appendix B 

Additional Material for Chapter 3 

 

Three “true” plume realizations (small plume, medium plume, and large plume) were generated using the 

SWIF routine in this chapter. All these “true” realizations were generated in homogeneous permeability 

fields. Using different target zones and different well installation frequencies, these “true” plumes were 

predicted (one plume at a time).  

 

Figures B1, B2 and B3 represent the top view at the water table, and the vertical cross-sectional view along 

the centerline of the plume cross section for the small plume, the medium plume and the large plume 

respectively, after 30 years of dissolution from the constant concentration source along with the monitoring 

well locations predicted by the SWIF routine under an investigation-strategy using a target zone of P = 

0.20-0.25 and a well installation frequency of one per cycle. 

 

Figures B4, B5 and B6 represent the top view at the water table, and the vertical cross-sectional view along 

the centerline of the plume for the remaining realizations after termination of the routine in predicting the 

small plume, the medium plume and the large plume respectively, using a target zone of P = 0.20-0.25 and 

a well installation frequency of one per cycle. 

 

Figure B7 represents the total cycles of the replicate investigation-strategies in predicting the small plume, 

the medium plume and the large plume using three different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 

𝑃0.80−0.85 , top to bottom) and three well installation frequency criteria (1, 3, and 5, left to right). Figure B8 

represents the histogram plots of the replicate investigation-strategies in predicting the small plume, the 

medium plume and the large plume using three different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85 

, top to bottom) and three well installation frequency criteria (1, 3, and 5, left to right). 
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Figure B1. a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume for the small plume (SP) after 30 years of dissolution from the constant concentration source. 

Yellow dots represent the monitoring well locations predicted by the SWIF routine under an investigation-

strategy using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

 

(a) (b) 
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Figure B2. a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume for the medium plume (MP) after 30 years of dissolution from the constant concentration source. 

Yellow dots represent the monitoring well locations predicted by the SWIF routine under an investigation-

strategy using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

 

  

(a) (b) 
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Figure B3. a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume for the large plume (LP) after 30 years of dissolution from the constant concentration source. 

Yellow dots represent the monitoring well locations predicted by the SWIF routine under an investigation-

strategy using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

 

  

(a) (b) 
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(c) (d) (e) (b) (a) 

(h) (i) (j) (g) (f) 
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Figure B4-1 represents top view of the 15 different remaining realizations (a to o) after the termination of the SWIF routine in predicting the small 

plume (SP) using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

 

(k) (m) (l) (n) (o) 
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(a) (d) (h) (e) (g) (c) (b) (f) 
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Figure B4-2 represents vertical cross-sectional view along the centerline of the plume of 15 different remaining realizations (a to o) after 

the termination of the SWIF routine in predicting the small plume (SP) using a target zone of P = 0.20-0.25 and a well installation 

frequency of one per cycle. 

  

(i) (l) (o) (m) (n) (k) (j) 
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Figure B5-1 represents top view of the 10 different remaining realizations (a to j) after the termination of the SWIF routine in predicting 

the medium plume (MP) using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

(c) (d) (e) (b) (a) 

(f) (h) (g) (i) (j) 
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Figure B5-2 represents vertical cross-sectional view along the centerline of the plume of 10 different 

remaining realizations (a to j) after the termination of the SWIF routine in predicting the medium plume 

(MP) using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle.  

 

(a) (b) (e) (c) (d) 

(f) (h) (g) (i) (j) 
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Figure B6-1: represents top view of the 7 different remaining realizations (a to g) after the termination of the SWIF routine in predicting the large 

plume (LP) using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

(c) (d) (e) (b) (a) 

(f) (g) 
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Figure B6-2 represents vertical cross-sectional view along the centerline of the plume of 7 different 

remaining realizations (a to g) after the termination of the SWIF routine in predicting the large plume (LP) 

using a target zone of P = 0.20-0.25 and a well installation frequency of one per cycle. 

  

(a) (b) (e) (c) (d) 

(f) (g) 
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Figure B7: Total cycles of the replicate investigation-strategies in the SWIF routine in predicting the small 

plume, medium plume and large plume using three different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 

𝑃0.80−0.85 , top to bottom) and three well installation frequency criteria (1, 3, and 5, left to right). 

 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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Figure B8: Histogram plots of the replicates for three “true” plume cases (red color for SP, brown color for 

MP, and orange color for LP), at three different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85 , top to 

bottom) and three well installation frequency criteria (1, 3, and 5, left to right). 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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Appendix C 

Additional material for Chapter 4 

Two “true” plume realizations (medium plume, referred to as the analytical plume in Chapter 3, and the 

numerical plume) were predicted in this chapter. The SWIF routine criteria of the target zone P = 0.47-0.52 

and a unit installation frequency (either well installations or MIP installations, one at a time) per cycle were 

applied in these “true” plume predictions. The analytical plume was generated using a homogeneous 

permeability field with 30 years of dissolution from the constant concentration source using a semi-

analytical solution whereas the numerical plume was generated using a heterogeneous permeability field 

with 20 years of source dissolution using a numerical solution. Three different membrane interface probe 

(MIP) installations strategies (strict strategy, moderate strategy and loose strategy) were introduced in the 

SWIF routine to overcome the robust rejection of plume realizations while applying MIP installations 

criterion.  

 

Figure C1 represents the top view at the water table, and the vertical cross-sectional view along the 

centerline of the plume for the analytical plume after 30 years of dissolution from the constant concentration 

source along with the monitoring well installed using a target zone of P = 0.47-0.52 and a well installation 

frequency of one per cycle.  

 

Figure C2 represents the top view at the water table, and the vertical cross-sectional view along the 

centerline of the plume for the analytical plume after 30 years of dissolution from the constant concentration 

source along with the MIP locations using a target zone of P = 0.47-0.52 and a MIP installation frequency 

of one per cycle. 

 

Figure C3 represents the top view at the water table, and the vertical cross-sectional view along the 

centerline of the plume for the numerical plume, after 20 years of source dissolution along with the 
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monitoring well locations predicted by the SWIF routine under an investigation-strategy using a target zone 

of P = 0.47-0.52 and a well installation frequency of one per cycle. 

 

Figure C4 represents the top view at the water table, and the vertical cross-sectional view along the 

centerline of the plume for the numerical plume, after 20 years of source dissolution along with the MIP 

locations predicted by the SWIF routine under an investigation-strategy using a target zone of P = 0.47-

0.52 and a MIP installation frequency of one per cycle. 

 

Figure C5 represents the realizations remaining in a replicate investigation-strategy conducted at medium 

target zone (𝑃0.47−0.52) and a MIP installation frequency criterion with the moderate strategy, and the loose 

strategy. 

 

Figure C6 represents the total cycles of the replicate investigation-strategies in the SWIF routine at three 

different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85, left to right) and a unit installation frequency 

criterion with wells and MIPs.  

 

Figure C7: a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume cross section of the probability map based on the initial 1,000 realizations generation for the 

analytical “true” plume delineation. 

 

Figure C8: a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume cross section of the probability map based on the initial 1,000 realizations generation for the 

numerical “true” plume delineation. 
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Figure C1. a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume cross section for the medium plume after 30 years of dissolution from the constant concentration 

source. Yellow dots represent the monitoring well locations predicted by the SWIF routine under an 

investigation-strategy using a target zone of P = 0.47-0.52 and a well installation frequency of one per cycle. 

 

(a) (b) 
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Figure C2. a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume cross section for the medium plume after 30 years of dissolution from the constant concentration 

source. Yellow diamonds represent the MIPs locations predicted by the SWIF routine under an 

investigation-strategy using a target zone of P = 0.47-0.52 and a MIP installation frequency of one per 

cycle. 

 

(a) (b) 
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Figure C3. a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume cross section for the numerical plume after 20 years of dissolution from the constant 

concentration source. Yellow dots represent the monitoring well locations predicted by the SWIF routine 

under an investigation-strategy using a target zone of P = 0.47-0.52 and a well installation frequency of one 

per cycle. 

 

(a) (b) 
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Figure C4: a) Top view at the water table, and b) the vertical cross-sectional view along the centerline of 

the plume cross section for the numerical plume after 20 years of dissolution from the constant 

concentration source. Yellow diamonds represent the MIPs locations predicted by the SWIF routine under 

an investigation-strategy using a target zone of P = 0.47-0.52 and a MIP installation frequency of one per 

cycle. 
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Figure C5: Realizations remaining in a replicate investigation-strategy conducted at the medium target zone 

(𝑃0.47−0.52) and a MIP installation frequency criterion with (a) moderate, and (b) loose strategy.  

  

(a) (b) 
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Figure C5: Histogram plot of MIP installations in replicate investigation-strategies conducted at 

medium target zone (𝑃0.47−0.52) and a MIP installation frequency criterion with (a) moderate, and 

(b) loose strategy.  
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0.20 < P < 0.25 0.47 < P < 0.52 0.80 < P < 0.85 

 

 

Figure C6: Total cycles of the replicate investigation-strategies in the SWIF routine at three 

different target zones (𝑃0.20−0.25 , 𝑃0.47−0.52 , and 𝑃0.80−0.85, left to right) and a unit installation 

frequency criterion with wells (purple color) and MIPs (red color).  
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Figure C7: a) Top view at the water table, and b) the vertical cross-sectional view along the 

centerline of the plume cross section of the probability map based on the initial 1,000 realizations 

generation for the analytical “true” plume delineation. 
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Figure C8: a) Top view at the water table, and b) the vertical cross-sectional view along the 

centerline of the plume cross section of the probability map based on the initial 1,000 realizations 

generation for the numerical “true” plume delineation. 

 


