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Abstract 

Although microbial reductive dechlorination (MRD) has proven to be an effective 

approach for in situ remediation of chlorinated ethenes, field implementation of this 

technology is complicated by the presence of subsurface heterogeneity, impacting 

amendment delivery and back diffusion and desorption of contaminants. Relatively 

less attention has been paid in the literature to the influence of heterogeneity on 

biotransformation rates and to the transferability of rate parameters across scales. 

This dissertation describes an investigation of the influence of process (physical-

chemical-biological) coupling on the performance of MRD in heterogeneous 

porous media using a modified version of the reactive transport simulator 

MT3DMS. Model simulations are compared with data from two flow-through 

heterogeneous aquifer cell experiments and a field down-hole treatment test. 

Model-experimental comparisons reveal that back diffusion from a low 

permeability clay layer can be enhanced by as much as 53% by MRD, 

demonstrating the potential utility of bioenhanced back diffusion for reduction of 

plume persistence. Simulations across batch-, laboratory-, and pilot-scales 

demonstrate that microcosm-derived rate parameters can be successfully used to 

predict MRD and evolving concentrations of chlorinated ethenes and ethene in 

complex systems if heterogeneity and dimensionality are appropriately modeled. 

The inclusion of local heterogeneity, which affects local flow residence times, is 
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shown to be crucial to accurate model predictions of dechlorination extent. Overall, 

these modeling studies demonstrate that a better understanding of the influence of 

coupled processes on MRD in heterogeneous porous media is essential to support 

bioremediation design and implementation to reduce the health risks associated 

with prolonged contamination. 
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Executive Summary 

Trichloroethene (TCE) is among the most common organic contaminants at 

Superfund sites, due to its broad use in dry-cleaning and degreasing operations. 

Although microbial reductive dechlorination (MRD) has been proven as an 

effective and cost-efficient method for in situ treatment of soil and groundwater 

contaminated with chlorinated ethenes, field implementation of this technology is 

complicated by physical heterogeneity, impacting subsurface biogeochemistry and 

optimal remedial design. Numerous studies have used numerical models to assess 

MRD in laboratory-scale homogeneous systems. However, there are markedly 

fewer modeling studies of multidimensional laboratory and field-scale systems 

under heterogeneous conditions. The Department of Defenseôs Strategic 

Environmental Research and Development Program (SERDP) and the 

Environmental Security Technology Certification Program (ESTCP) identified the 

research needed to understand the performance of ISB in the treatment of low 

permeability zones. 

The objective of this dissertation is to use laboratory and field observations, along 

with mathematical modeling, to investigate the influence of physical-chemical-

biological process coupling on the performance of MRD in complex, 

heterogeneous, subsurface environments. The specific goals of this dissertation 

include (a) to develop a three-dimensional simulator capable of modeling MRD of 

multiple chemical constituents and microbial populations in complex, 
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heterogeneous, subsurface environments; (b) To investigate the influence of MRD 

on back diffusion from low permeability media; (c) To study the influence of 

physical heterogeneity on chemical and biomass distribution and biotransformation 

rates in low substrate environments; (d) To explore the transferability of microbial 

transformation rates and conclusions obtained in laboratory systems (i.e., 

microcosm batches and aquifer cells) to field-scale down-hole tests; and (e) To 

investigate the influence of remediation design (i.e., substrate delivery frequency 

and hydraulic delivery rate) on dechlorination performance in multi-dimensional, 

heterogeneous, field domains.  

The research consists of three distinct experimental-modeling studies to investigate 

MRD across scales from intermediate laboratory systems to a field scale pilot 

system. Goal (b) is addressed through a study of MRD-influenced diffusion and 

desorption in a 2-D heterogeneous aquifer cell, packed with low permeability media 

of varying hydraulic conductivities and organic carbon contents. Experimental 

observations from the tracer and remedies tests are compared with model 

simulations. The second study is designed to investigate the coupled processes of 

diffusion, sorption and MRD in a heterogeneous aquifer cell that was operated 

under field-relevant conditions, with limited electron donor. The MRD aquifer cell 

experiments are simulated to address goals (a) and (c) and to obtain effective 

parameters for field simulations. The process of MRD in the Commerce Street 

Superfund Site (Williston, VT) is simulated to assess the suitability of laboratory-

derived parameters to model ISB at the field scale. This research addresses goals 

(d) and (e). The first two experimental studies in the laboratory systems were 
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designed to facilitate the implementation and evaluation of ISB at the Commerce 

Street Superfund Site. 

Reactive transport of chemical constituents are modeled with an enhanced version 

of the modular three-dimensional multispecies transport simulator MT3DMS, 

which is modified to enable the simulation of MRD of multiple contaminants with 

nonlinear double Monod kinetics and microbial growth of two dechlorinating 

populations as well as one fermenting population. The major assumptions for the 

numerical simulations in this study are that 1) the attached bacteria are immobile 

and that the influence of microbial growth on aqueous flow is negligible (low 

growth environment); and 2) only attached (non-planktonic) biomass is assumed 

active for MRD.  

The first cell study demonstrated the importance of accounting for bioenhanced 

back diffusion to accurately predict remediation time, particularly in formations 

with contrasting permeability and/or with thick low-permeability zones or 

interbedded high- and low-permeability materials. Predicted plume cleanup time 

will likely to  be reduced when the effect of bioenhanced back diffusion is 

incorporated. The specific findings and implications of this work are: 1) 

Comparison of biotic experimental measurement and abiotic model simulation 

revealed an estimated average of 12% bioenhanced back diffusion over the whole 

aquifer cell and an estimated maximum of 53% enhancement for locations near the 

bottom clay layer, which had the lowest hydraulic conductivity and mid-level of 

organic carbon among the materials used; 2) Microbial activity, i.e., dechlorination, 
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will control mass release near/from the low permeability zones; 3) The inclusion of 

the coupled processes of diffusion, desorption and biotransformation is essential 

for accurate model prediction of bioremediation performance in scenarios with low 

permeability materials, especially sites with a thick aquitard underlying a 

transmissive aquifer or large volume ratio of low permeability media; 4) Models 

without consideration of bioenhanced back diffusion can lead to overprediction of 

plume longevity sustained by low permeability zones mass. 

Model simulations in the second aquifer cell study employing measured microcosm 

parameters provided reasonable predictions for MRD in these more complex 

systems, despite the differences in physical scale, solid to liquid mass ratio, and 

flow conditions. Average mean relative errors of 26.0%, were achieved, as long as 

local permeability variations were considered. Based upon this study, the following 

conclusions can be drawn: 1) The trace amount of background dissolved organic 

carbon present in the groundwater and porous media that was not detectable as 

volatile fatty acids (VFAs) contributed to MRD in the aquifer cell by serving as an 

electron donor and a carbon source for microbial growth. This natural substrate 

highlights the importance of characterization of organic compounds that may serve 

as electron donors and/or carbon sources for MRD in natural groundwater and soil; 

2) Multi -dimensional models incorporating uniform properties and microcosm 

dechlorination rates were unable to adequately predict aquifer cell performance; 3) 

Mass stored in low permeability regions can significantly influence the extent of 

dechlorination, due to its ability to sustain electron donor that has entered these 

regions through diffusion; 4) Heterogeneity in soil properties influences the 
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complete dechlorination of TCE to ethene. Inclusion of heterogeneity in numerical 

modeling is crucial to predictive accuracy of reductive dechlorination; 5) Model 

prediction results were more sensitive to the representation of heterogeneity than 

the biomass utilization kinetic rate parameters and the estimation of initial biomass 

concentrations in this bench scale system with contrasting permeability varying 

within a factor of 26. 

Modeling studies of the field treatment test showed that the extent of transformation 

can be predicted with temperature-adjusted microcosm-estimated and aquifer-cell 

validated parameters after incorporating field heterogeneity. A few alternative 

substrate delivery scenarios were simulated by altering the rate of hydraulic 

flushing and the frequency of the lactate pulses (e.g., intermittent injection and 

long-term injection with low concentration substrate). Model simulations of the 

alternative remediation scenarios together with field observations demonstrated the 

importance of residence time/flow rate on the extent of dechlorination. The specific 

findings and implications of this work are: 1) Model simulation results using 

laboratory-calibrated transformation rates and hydraulic conductivity yielded more 

accurate predictions of the downgradient chlorinated ethenes and ethene 

concentrations under slow flow conditions (ὓὙὉ σχϷ) than under high flow 

conditions (ὓὙὉ ρππϷ).  The extent of dechlorination was overpredicted by 

a factor of 2.94 in high flow conditions, but was adequately predicted with errors 

within a factor of 1.19 for low flow conditions; 2) An alternative transport model 

parameterized with hydraulic conductivity estimated based on grain size 

distributions of coarser soil cores was not able to reproduce the trend of measured 
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chlorinated ethenes and ethene data. Construction of model domain in terms of 

physical heterogeneity affected prediction accuracy of TCE transformation and 

ethene production; 3) Reducing/increasing the groundwater flow by 50% led to an 

average change of dechlorination extent by 27%. Consistent intermittent injection 

of lactate mildly improved dechlorination extent in downgradient monitoring wells 

(19%); 4) A continuous substrate injection strategy led to a similar dechlorination 

extent compared to a base case in which the substrate was injected in short pulses, 

suggesting that continuous injection, with small electron donor mass flux, might 

not be able to improve the extent of biotransformation in immediate downgradient 

wells. 

Overall, these modeling results showed that MRD in multidimensional flow-

through heterogeneous systems can be successfully simulated with numerical 

simulators that account for the physical heterogeneity and complex biochemistry in 

the subsurface. Laboratory-measured bioreaction rate parameters can be used to 

predict field-scale ISB remediation performance as long as the heterogeneity and 

complexity in the subsurface are reasonably accounted for. The effectiveness of 

remediation design and dechlorination extent depend on a number of factors from 

flow residence time, to substrate delivery frequency, to substrate injection mass 

flux. A better understanding of the influence of coupled processes on MRD in 

heterogeneous porous media is essential to support bioremediation design and 

implementation to reduce the health risks associated with prolonged contamination. 

Future research is recommended to focus on the improvement of model 

characterization of biogeochemical reaction kinetics and the accessibility and ease-
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of-use of numerical models so that the developed models are more applicable to 

field remedial design.   
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Chapter 1 Introduction  

Chlorinated solvents such as tetrachloroethene (PCE) and trichloroethene (TCE) 

have been used in a wide variety of industrial applications, including dry cleaning, 

metal degreasing, and pesticide manufacturing, since the early 1900s (Moran et al., 

2007; Pankow et al, 1996). The United States (U.S.) production of these compounds 

peaked at approximately several hundred million pounds per year in the 1970s 

(Doherty, 2000a, b). Although the production and usage plummeted, due to the 

institution of environmental regulations starting in the late 1970s (e.g., 1970 and 

1975 Clean Air Acts, 1976 Resource Conservation and Recovery Act, 1977 Clean 

Water Act, 1980 Comprehensive Environmental Response, Compensation and 

Liability Act, 1984 Hazardous and Solid Waste Amendments, EPA drinking water 

standards), chlorinated solvents have been found at approximately 80% of all U.S. 

Superfund sites and more than 3000 U.S. Department of Defense sites (USEPA, 

2004). Widespread groundwater and soil contamination, caused by releases from 

the 1960s to 1980s, continues to persist at many chlorinated solvent sites, posing a 

significant environmental problem (McCarty, 2010; USEPA, 2017a). Meanwhile, 

new releases to the subsurface have been reported. In 2017, the EPA Toxics Release 

Inventory (TRI) program tracked 23,291 pounds of on-site disposal/releases and 

5274 pounds of off-site disposal/releases for TCE alone (USEPA, 2017b).  
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Chlorinated solvents, including PCE and TCE, are typically among the priority list 

of hazardous substances that have been determined to have a significant potential 

threat to human health (Agency for Toxic Substances, Diseases Registry (ATSDR), 

2017). Human exposure to chlorinated solvents has been associated with adverse 

effects on the central nervous system, kidney, liver, immune system, reproductive 

system, cardiovascular system, respiratory system, and fetus development; they are 

associated with respiratory, dermal, and ocular irritation, as well as reduced body 

weight (Huang et al., 2014; Ruder, 2006). There is also increased evidence for 

chlorinated solvent-induced cancer (e.g., ATSDR, 2019a, b; ATSDR, 2006; 

ATSDR, 2005). The U.S. Environmental Protection Agency (EPA) has established 

stringent regulation standards, Maximum Contaminant Levels (MCLs), for selected 

chlorinated solvents in drinking water (Table 1.1) to protect public health, 

ecosystem and environment (USEPA, 2018).  

 

Table 1.1 Physical and chemical properties of commonly found chlorinated 

solvents at 25°C. (Table from Kueper et al., 2014) 

Chlorinated Solvent 
Density 

Solubility 

in Water 

Vapor 

Pressure 

Absolute 

Viscosity 
MCL 

(g/cm3) (mg/L) (torr) (cP) (mg/L) 

Tetrachloroethene 1.63 200 18.9 0.9 0.005 

Trichloroethene 1.46 1100 75 0.57 0.005 

1,1,1-Trichloroethane 1.35 1300 125 0.84 0.2 

Carbon tetrachloride 1.59 825 109 0.97 0.005 

1,2-Dichloroethane 1.25 8500 82.1 0.84 0.005 

Dichloromethane 1.33 20000 415 0.44 0.005 

Water 0.997 N/A 23.8 0.894 N/A 
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Selected physical and chemical properties of chlorinated solvents are listed in Table 

1.1. Chlorinated solvents are typically introduced into the subsurface as a sparingly 

soluble organic liquid phase, known as a dense nonaqueous phase liquid (DNAPL). 

Most are denser than water and have solubilities that are considerably higher than 

the MCLs. Therefore, DNAPL can migrate downwards into deeper geologic units 

under the influence of gravity and create long-term downgradient plumes in great 

excess of the MCLs due to their slow dissolution (Kavanaugh et al., 2003; NRC, 

2005). Other properties such as volatility and viscosity also make some chlorinated 

solvents more mobile and recalcitrant to remediation (Sale et al., 2008(a)). For 

example, high vapor pressure allows some components to partition into the vapor 

phase, raising risks of indoor vapor intrusion and expansion of contamination.  

Chlorinated solvents can enter the subsurface as DNAPLs due to inappropriate 

handling during storage, transportation and disposal (Figure 1.1 (a)). DNAPLs tend 

to migrate downward beneath the water table into the saturated zone, where a 

portion of them are trapped as discontinuous ganglia or ñresidualò within the pores. 

A substantial fraction of the migrating mass can be retained at textural interfaces as 

high saturation ñpoolsò or move into fractured media if present (Feensta and Cherry, 

1988; Feenstra et al., 1996) (Figure 1.1 (b)). Dissolved mass emanating from a 

certain volume of DNAPL can sustain extensive contamination at levels that are 

orders of magnitude higher than the MCLs (Kavanaugh et la., 2003; NRC, 2005; 

Stroo et al., 2003) (Figure 1.1 (c)). As DNAPL slow dissolves away, high 

concentrations of dissolved mass can diffuse into low permeability zones or 

fractured structures from more permeable zones (Figure 1.1 (d))). At aged sites 
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where DNAPL is nearly depleted, aqueous and sorbed mass stored in low 

permeability zones can be released, acting as secondary sources for a persistent 

plume (e.g., Ball et al., 1997; Chapman and Parker, 2005; Liu and Ball, 2002; 

Parker et al., 1994; Parker et al., 2008) (Figure 1.1 (e)).  

 

  
Figure 1.1. Life cycle of a chlorinated solvent source zone. (Figure reprinted from 

Kueper et al., 2014. Copyright 2014 Springer)   
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The region in contact with DNAPL, containing DNAPL, aqueous, and sorbed phase 

mass, is commonly referred to as a ósource zone', serving as a long-term source to 

groundwater and soil contamination (NRC, 2005). Source zone architecture (i.e., 

the DNAPL spatial mass distribution) is one of the key factors that control the 

relationship between mass discharge and mass removal, however, it is difficult to 

delineate (Abriola et al., 2012). Although considerable contaminant mass (DNAPL 

or aqueous phase) may have been removed, it is not uncommon to find residual 

mass at treated sites (ITRC, 2010; Soga et al., 2004; Wood et al., 2005). A review 

of remediation performance at 59 chlorinated solvents sites showed that median 

concentration reductions ranged from 60%-95% for different applied aggressive 

remediation technologies (McGuire et al., 2006). 

With the recognition that complete restoration to reach MCLs cannot be achieved 

within a reasonable time frame at complex sites (NRC, 2005 and 2013), critical 

research needs have been identified, including advancing our understanding of 

existing remedial technologies and their limitations in remediating complex sites, 

quantitatively assessing treatment performance, predicting responses to treatment, 

and promoting the use of more effective technologies (Stroo et al., 2012). There has 

also been increasing awareness that storage in low permeability zones is important 

for site management at many aged complex sites (Stroo et al., 2012). 

Despite the complexity of the problem, significant progress has been made in 

developing in situ treatment technologies for mass removal and concentration 

reduction. In situ bioremediation (ISB) is among the most commonly used remedial 

technologies, along with in situ thermal treatment (ISTT), in situ chemical 
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oxidation (ISCO), and surfactant and cosolvent flushing (Figure 1.2.). ISB involves 

degradation or transformation of contaminants to less toxic compounds by 

microorganisms. Successful implementation of ISB typically requires 

biostimulation and bioaugmentation. The former includes delivery of chemical 

amendments (e.g., substrates, nutrients, and/or buffers) that can stimulate microbial 

growth; the latter includes delivery of certain degrading microorganisms that are 

not present or in low abundance (Lyon and Vogel, 2013). During the last decade, 

ISB has been more widely considered to treat chlorinated solvents sites due to its 

effectiveness and low capital costs (McDade et al., 2005). Laboratory and field 

studies have demonstrated that ISB can be used to effectively treat source zones 

that contain residual DNAPLs (e.g., Amos et al., 2008; Cápiro et al., 2015; Hood 

et al., 2008; Sleep et al., 2006; Yang and McCarty, 2000 and 2002) in addition to 

downgradient plumes. Furthermore, ISB can be used as a complimentary/ polishing 

method post implementation of aggressive treatment (Christ et al., 2005; Ramsburg 

et al., 2004). The performance of ISB can be impacted by factors, such as aquifer 

hydrogeology (e.g., hydraulic conductivity, heterogeneity, porosity, diffusion), 

biogeochemistry (e.g., pH, temperature, redox, electron donors/nutrients, 

competing electron acceptors/microbial populations, inhibitory component 

concentrations, toxicity, DNAPL constituents), and site characteristics, including 

contaminant source, depth, volume and distribution (ITRC, 2008; USEPA, 2013). 

The Department of Defenseôs Strategic Environmental Research and Development 

Program (SERDP) and the Environmental Security Technology Certification 

Program (ESTCP) identified the research need to understand the performance of 
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ISB in the treatment of low permeability zones in its most recent review paper of 

chlorinated ethene source remediation (SERDP, 2018; Stroo et al., 2012).  

 

 

Figure 1.2. Percentages of sites using different in situ treatment technologies, from 

a total of 118 sites. (Figure reprinted from Kueper et al., 2014. Copyright 2014 

Springer)  
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Microbial reductive dechlorination (MRD) by natural attenuation or engineered 

biostimulation/augmentation is an important technical basis for ISB of chlorinated 

ethenes (Bradley and Chapelle, 2010). It has become a promising technology for 

chlorinated solvent remediation under challenging conditions, i.e., complex 

hydrogeology and the consequent complex spatial distribution of contaminant 

sources (Stroo et al., 2012). In such complex conditions, remediation effectiveness 

strongly depends on characterization and delineation of hydrogeology and 

contaminant mass distribution (NRC, 2004 and 2013). Further, complete mixing of 

reagents is impossible to achieve by conventional delivery techniques (Kitanidis 

and McCarty, 2020). Accumulation of intermediate transformation products has 

been commonly observed at sites due to incomplete dechlorination (Adamson et al., 

2011 and 2003; ITRC 2008; Stroo and Ward, 2010), pointing to the need for a better 

understanding of MRD performance in heterogeneous subsurface porous media. 

However, an understanding of the interaction of MRD with those slow processes 

governing mass transfer (e.g., diffusion and sorption) from low permeability 

regions is lacking. 

Mathematical modeling has served as an effective tool for designing and evaluating 

subsurface remediation designs. As introduced above, chlorinated solvents in the 

subsurface undergo several physical-chemical-biological processes. To provide 

accurate predictions, models should be able to simulate physical, chemical and 

biological processes and to account for physical, chemical and biological 

heterogeneity. Parameterization of the model with relevant rate parameters and 

initial conditions (e.g., Chen et al., 2013; Christ, 2005) is also crucial to accurate 
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model prediction. Therefore, model predictions of reactive fate and transport in 

laboratory and field-scale systems can be useful in understanding basic controlling 

processes and guiding remediation design.  

This dissertation research focuses on exploration of the coupled processes of 

diffusion, sorption, and MRD under complex conditions representative of field sites 

by applying a modified numerical model to simulate flow and reactive transport in 

intermediate- and field-scale domains, with particular focus on assessing the impact 

of heterogeneity, dimensionality, scale, coupled processes, and low permeability 

zones on model predictions of plume persistence and MRD. The goals of this 

research are to improve the understanding of the influence of fundamental 

processes on reactive transport and remediation of chlorinated solvent source zones 

and plumes and how these processes respond to bioremediation, and to guide more 

effective and efficient characterization, remediation and site management. 

This doctoral dissertation is organized into seven chapters: Introduction, Literature 

Review, Research Objectives, three main chapters, and Conclusions. Chapter 2 

provides a comprehensive literature review of our understanding of relevant 

physical-chemical-microbiological processes and the state of reactive transport 

modeling. Each of the three main chapters is presented in manuscript format, with 

sections for introduction, method, results and conclusions. Therefore, a separate 

methodology chapter is not provided. Chapter 4 describes a coupled experimental 

and mathematical modeling study designed to investigate bioenhanced back 

diffusion and sorption in a bench scale heterogeneous system. Chapter 5 presents 

the exploration of coupled processes governing MRD in a heterogeneous laboratory 
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flow-through system. In Chapter 6, the transport model and model parameters 

developed in the bench scale study in Chapter 5 were used to investigate MRD in a 

field treatment test and to assess the efficacy of alternative reagent delivery 

scenarios through field-scale applications. Experimental data in Chapters 4 - 6 were 

collected from two intermediate scale aquifer cell experiments and one field 

treatment test by collaborating colleagues in the Cápiro and Pennell Lab at Tufts 

University (Abriola et al, 2019). Chapter 7 provides conclusions and 

recommendations for future research.  
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Chapter 2 Literature Review  

This chapter provides a review of the literature related to modeling of coupled 

processes across scales. The section starts with a review of basic physical-chemical-

biological processes that occur during bioremediation of chlorinated solvent 

plumes. The following sections provide a thorough review of modeling research 

conducted with coupled processes, including MRD. A brief review of comparative 

studies of reactive transport modeling across scales is provided. Finally, research 

gaps in our understanding of MRD modeling across scales under complex 

conditions are summarized.  

 Mass Transfer and Transformation Processes 

2.1.1 Diffusion and Sorption 

Diffusion of a chemical species is a process driven by the concentration gradient 

and can be described using the empirical Fickôs first Law (Bear, 1972), 

ὐ Ὀ
ὅ‏

ὼ‏
 (2.1) 

where ὐ is the mass flux, ὅ is the aqueous concentration, ὼ is the direction of 

transport, and Ὀ  is the ñfree-solution diffusion coefficient. In porous media, 

diffusive transfer of solutes occurs at a slower rate than in the free solution dur to 

tortuosity of the diffusion path, pore interconnectivity and pore constriction effects 

(Ball and Roberts, 1991; Shackelford and Daniel, 1991). The effect is illustrated in 

Figure 2.1.  
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Figure 2.1 Concept of effective path (length ὒ) of a solute in porous media (After 

Shackelford and Daniel, 1991) 

To account for these effects, an effective molecular diffusion coefficient (Ὀᶻ) for a 

solute species is used instead of Ὀ  in equation (2.1) as follows, 

Ὀᶻ †Ὀ  (2.2) 

where † is the tortuosity factor and is expected to be smaller than one. Johnson et 

al (1989) estimated † for six organic chemicals including TCE in a low 

permeability clay till, yielding a range from 0.42 to 1.25 averaging at 0.67. The 

estimated values of † may also reflect the effect of preferential paths for diffusion 

in low permeability zones (Ball et al., 1997). Thus, values greater than one can 

sometimes be encountered in laboratory experiments or field applications. Some 

studies assumed † to be inverse related to porosity (Ball and Roberts, 1991; Wu and 

Gschwend, 1986). The aqueous diffusivities of TCE and its transformation 

daughter products average on the order of 10-5 cm2/s (detailed data in Table 5.5).  

Compared to advection arising from bulk fluid transport and mechanical dispersion 

arising from heterogeneity, solute diffusion in porous media or matrix diffusion has 

a small magnitude and low variability (Grathwohl, 1998). Little regard was given 

to matrix diffusion in the context of contaminant transport until laboratory and field 
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studies demonstrated the importance of matrix diffusion for contaminant transport 

in clay landfill liners (e.g., Johnson et al., 1989; Mott and Weber, 1991). Since then, 

matrix diffusion has been extensively studied in the contaminant transport literature 

(e.g., Brown and Thomas, 1998; Gillham et al., 1984; Guswa and Freyberg, 2000; 

Pankow et al., 1989; Parker et al., 1994; Starr et al., 1985; Sudicky et al., 1985).  

Aqueous contaminants tend to permeate low permeability zones in adjacent to a 

contaminated aquifer by matrix diffusion. If the aquifer is treated, the aqueous and 

sorbed contaminants stored in the low permeability zones can diffuse out of those 

regions at a slow rate. This process, termed back diffusion, has been demonstrated 

to inhibit remediation, causing concentration rebound and sustaining plume tailing 

in benchmark experiments (e.g., Chapman et al., 2012; Rodriguez, 2006; Sale et al., 

2008(b); Wilking et al., 2013; Yang et al., 2018) and field tests (e.g, Brusseau and 

Guo, 2014; Chapman and Parker, 2005; Liu and Ball, 2002; Parker et al., 2008; 

Parker et al., 2004).  

The sorptive capacity of solids in the low permeability layers can enhance diffusion 

into these layers and prolong back diffusion. For organic compounds, sorption 

capacity is generally related to the compoundôs octanolïwater partition coefficient 

(Kow) and the organic carbon content of the solid phase. The relationship between 

the aqueous and sorbed phase concentrations under a constant temperature is 

referred to as the sorption isotherm. A linear equilibrium sorption isotherm is 

commonly written as:  

Ὓ ὑὅ (2.3) 
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where ὑ  is the distribution coefficient, and Ὓ is the sorbed phase concentration. 

The equation in (2.3) was adopted to simulate sorption in this dissertation, 

consistent with sorption isotherm experiments for the experimental and field 

materials employed herein (Gaeth, 2017), although sorption processes are often 

characterized by nonlinear or rate limited sorption in the subsurface porous media 

(e.g., Allen-king et al., 2002; Mohammadnejad et al., 2020; Rivett et al., 2006) 

2.1.2 Biological Transformation  

MRD has been the most important microbiological technology in ISB remedial of 

chlorinated solvents sites due to the laboratory discovery and field-scale 

demonstration of MRD in the early 2000s (Figure 2.2). Metabolic reductive 

dechlorinaiton, which is more precisely termed organohalide respiration, is a 

strictly anaerobic and thermodynamically favorable process in which the 

dechlorinating bacteria use chlorinated ethenes as electron acceptors and acquire 

the released energy for growth (Löffler et al., 2013). The anaerobic pathways for 

complete detoxification of PCE to ethene generally go through intermediates, 

including TCE, cis-DCE, VC, sequentially (Freedman and Gossett, 1989; Maymo-

Gatell et al., 1997). At each dechlorination step, two protons are consumed, one 

replacing the chlorine substituent in the organic substrate, one released as hydrogen. 

A variety of bacteria (e.g., Dehalobacter (Holliger et al., 1993; Wild et al., 1996), 

Desulfuromonas (Krumholz et al., 1997; Sung et al., 2003), Geobacter lovleyi 

(Sung et al., 2006; Wagner et al., 2012), Desulfitobacterium (Suyama et al., 2001; 

Fletch et al., 2008), Sulfurospirillum (Luijten et al., 2003)) have been identified for 

transformation of PCE to cis-DCE. Some of these can use organic compounds, such 
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as acetate, as electron donors; some can use both hydrogen and acetate as electron 

donors (Löffler et al., 2013).  

To date, only some strains in the genus Dehalococcoides (Dhc) have been 

commonly studied for dechlorination cis-DCE to ethene (Cupples et al., 2003; 

Maymo-Gatell et al., 1997; He et al., 2003 & 2005; Sung et al., 2006). These Dhc 

strains are classified as the species Dehalococoides mccartyi (Löffler et al., 2013). 

Pure Dhc cultures utilize hydrogen as the only electron donor and acetate as the 

main carbon source. The reduction process depends on the presence of the ultimate 

electron donor, hydrogen, which is usually achieved through biostimulation by 

addition of fermentable substrates, e.g., lactate, propionate, acetate, butyrate, and 

ethanol. In conditions without fermentable amendments, hydrogen can also be 

derived from oxidation of complex compounds (e.g., oil, bark mulch, chitin, whey), 

and naturally occurring dissolved carbon. Bioaugmentation with Dhc-containing 

mixed cultures has become a common practice in field applications if Dhc is not 

present or in low abundance. A few inocula have become commercially available, 

for example, KB-1® (Duhamel and Edwards, 2006), BDI® (Amos et al., 2009) and 

SD-9® (Schaefer et al., 2009). 
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Figure 2.2 Use of ISB at Superfund sites. (Figure reprinted from USEPA, 2013. 

Copyright 2014 Springer) 

The performance of MRD can be influenced by a number of factors, including  

geochemical environment (e.g, pH values (e.g., (Adamson et al., 2003; McCarty et 

al., 2007)), availability of electron donor (e.g., Stroo et al., 2014), competing 

microbial populations and redox conditions (e.g., Azizian et al., 2008; Malaguerra 

et al., 2011; Yang and McCarty, 1998), and toxicity and inhibition (e.g., Chu et al., 

2003; Sabalowsky and Semprini, 2010a,b ). 

 Modeling of Coupled Processes 

2.2.1 Modeling of Diffusion and Sorption 

Mathematical models are a powerful tool to investigate the influence of back 

diffusion (BD) and desorption on plume persistence. Analytical models have been 

widely used by some researchers in one- and two- dimensional (e.g., Adamson et 

al., 2015; Ball et al., 1997; Bear et al., 1994; Brown et al., 2012; Liu and Ball, 2002; 

Sale et al., 2008 (b); Seyedabbasi et al., 2012; Wilson, 1997; Yang et al., 2015 and 
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2017; Yang et al., 2018), as well as three-dimension domains (Parker and Kim, 

2015). Many more studies have employed numerical models to simulate diffusive 

mass transport into and out of low permeability zones, because numerical models 

can be tailored to represent detailed site conditions (Chapman and Parker, 2005; 

Chapman et al., 2012; Maghrebi et al., 2015; Maghrebi et al., 2014; Matthieu et al., 

2014; Parker et al., 2008; Rodriguez, 2006; Yang et al., 2018). Previous modeling 

studies have predicted that sequestered mass stored in low permeability zones can 

sustain downgradient contaminant plumes for several years to decades. Most of 

these investigations, however, have considered the coupled processes of diffusion 

and/or sorption. Even though natural degradation often occurs in the subsurface 

without human intervention, the processes of biological reactions haven not been 

commonly considered in previous model simulations.  

2.2.2 Modeling of MRD 

Mathematical descriptions of MRD have evolved over the past two decades from 

simple first order rate dechlorination to nonlinear Monod models that incorporate 

substrate flux, biomass, inhibition and nutrient limitations. The first-order model is 

expressed as 

ὶ Ὧὅ (2.4) 

where ὶ is the rate of dechlorination, Ὧ is the first order dechlorination rate constant, 

and ὅ is the aqueous phase concentration of chlorinated compounds. Although the 

first order model is only valid for conditions where component concentrations are 

lower than the half saturation constant (see (2.5)), it has often been used in field or 

large scale simulations (e.g., Antonacci et al., 2013; Clement et al., 2000; Sale et 
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al., 2008(b); Van Breukelen et al., 2005; Wanner et al., 2018) and  screening models 

(e.g., REMChlor (Falta et al., 2005), Biochlor (USEPA, 2000)), due to its simplicity. 

Wanner et al (2018) and Sale et al (2008(b)) used numerical models to assess how 

biodegradation in aquitards affects plume persistence in adjacent aquifers. Wanner 

et al (2018) reported long-term tailing above the MCL for the produced cis-DCE at 

high degradation rates in the aquitard, while contamination of TCE and cis-DCE 

persisted at slow degradation rates. Sale et al (2008(b)) drew similar conclusions 

about the influence of degradation rates on plume persistence and demonstrated 

that elevated retardation levels in the low permeability zones can limit the benefits 

of biodegradation. These two studies not only neglected microbial growth and 

fermentation processes but also chose not to simulate the complete degradation 

chain. However, the availability of microbial populations, electron donors and 

electron acceptors can affect the MRD process. Although a first order kinetic model 

can serve as a screening tool for quick assessment of field conditions, it has been 

proven inadequate to fit experimental data (Wei et al., 2016).   

With the growth of computing capacity and improvement of characterization tools, 

most recent modeling studies have incorporated a Monod kinetics expression (e.g., 

Chen et al., 2013; Cupples et al., 2003; Friis et al., 2007, Haest et al., 2010(b)): 

ὶ Ὧ ὢ
ὅ

ὑ ὅ
 (2.5) 

where Ὧ is the maximum specific utilization rate, ὢ is the microbial concentration, 

and ὑ is the half saturation constant. The product form of (2.5) has been applied to 



20 

account for the presence of limiting substrates/nutrients, together with chlorinated 

compounds (e.g., Christ and Abriola, 2007; Fennell and Gossett, 1998): 

ὶ Ὧ ὢ
ὅ

ὑ ὅ

ὅ

ὑ ὅ
ȣ

ὅ

ὑ ὅ
 (2.6) 

where ὅὭ ρ and ὑ Ὥ ρ are the concentration and half saturation constant 

for the limiting electron contributors and/or nutrients. As can be seen from these 

two equations (2.5) and (2.6), the use of Monod model in simulations requires 

considerably more measurement of chemical and microbial concentration data and 

information about rate parameters and constants, which might not be readily 

available for a specific field site. While Monod kinetics is capable of capturing 

nonlinear behavior in dechlorinating processes, lack of appropriate site-specific 

parameters might introduce uncertainties to field scale model predictions.  

The Monod model has also been modified to account for chlorinated ethene 

inhibition. Two of the most popular assumptions of the mechanisms are based on 

the competition for either enzyme/catalyst (Garant and Lynd, 1998) or electron 

donors (Amos et al., 2007(a)). The inhibition model takes the general form:  

ὶ Ὧ ὢ
ὅ

ὑ ρ ВὅȾὑ ὅ
 (2.7) 

where ὅὭ ρ and ὑ Ὥ ρ are the concentration and half saturation constant 

for the inhibitors. Other types of inhibition models have been developed, such as 

the Haldane inhibition and Ὁὅ  inhibition models (Haest et al., 2010(a)). 

Inhibition models have been frequently used in numerical simulation studies (e.g., 

Christ and Abriola, 2007; Haest et al., 2010(a); Schaefer et al., 2009; Yu et al., 2005; 
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Yu and Semprini, 2004). A thorough review of inhibition mechanisms and 

modeling of inhibition can be found in Wei et al. (2016) and Chambon et al. (2013). 

Observations of inhibition, however, have been commonly made in well-mixed 

batch systems, where most of the volume is associated with the liquid phase (e.g., 

Cupples et al., 2004; Duhamel et al., 2002; Garant and Lynd, 1998; Haest et al., 

2010a; Sabalowsky and Semprini, 2010a; Yu et al., 2005; Yu and Semprini, 2004). 

Previous studies have consistently observed that degradation microbes have higher 

tolerance to toxicity and inhibition in continuous flow suspended reactors than in 

batch systems (e.g.,  Piringer and Bhattacharya, 1999; Qu and Bhattacharya, 1997), 

and attached microbial cells are the most resistant (e.g., Harrison et al. 2007; 

Sabalowsky and Semprini, 2010b; Walters et al., 2003). The validity of inhibition 

models for numerical modeling of MRD in flow-through systems has not been 

thoroughly explored; inhibition mechanisms may differ in porous media, where 

larger solid-to-liquid ratios are operative.  

Most modeling of MRD has focused on laboratory batch reactors (e.g., Amos et al., 

2007(a); Cupples et al., 2004; Fennell and Gossett, 1998; Haest et al., 2010 (a); 

Heavner et al., 2013; Huang and Becker, 2009; Lai and Becker, 2013; Lee et al., 

2004; Sabalowsky and Semprini, 2010 (a); Schaefer et al., 2009; Yu and Semprini, 

2004). Further, most of these studies simulated conditions where electron donors 

were in excess, with only a few considering a limited donor (Huang and Becker, 

2009; Cupples et al., 2004). Such batch systems contrast with conditions at field 

sites, where variable transport properties and mass transfer limitations (diffusion 

and sorption) are created by physical heterogeneity. Also, the distribution between 
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attached and non-attached biomass will likely differ between batch systems and 

field sites, since the microbes in the batch system generally exist in a planktonic 

state. Previous studies have demonstrated that attached biomass represented a large 

portion of the population and were mainly responsible for biological degradation in 

the subsurface (e.g., Amos et al., 2009; Cápiro et al., 2015; Griebler and Lueders, 

2009). Finally, although batch-fitted parameters have typically been used to 

estimate dechlorinating rate parameters and microbial growth rates for applications 

in large-scale porous media systems, it is not clear that these parameters are 

transferable to more complex, multidimensional, systems. A review of MRD 

modeling by Chambon et al. (2013) summarized the inconsistencies of the reported 

batch parameters that were caused by different experimental conditions in initial 

concentrations, model formulations, limited measurements of microbial data, and 

parameter fitting criteria. These inconsistencies bring up the question of how 

representative the measured parameters for different or more complex systems. 

A few modeling studies have investigated MRD in one-dimensional (Becker and 

Seagren, 2009; Chen et al., 2013; Haest et al., 2010 (b); Manoli et al., 2012; 

Schaefer et al., 2009) and multidimensional packed beds (Christ and Abriola, 2007; 

Chu et al., 2003; Haest et al., 2012; Hammond et al., 2005; Kokkinaki, 2013; 

Kouznetsova et al., 2010; West, 2009; Widdowson, 2004). Although these 

modeling studies considered transport processes, the majority were conducted in 

homogeneous domains, with a few (Hammond et al., 2005; Kokkinaki, 2013; West, 

2009) that used 3-D heterogeneous fields generated by geostatistical tools. 

Application of these models to field scale systems has generally been limited, due 
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to the absence of detailed site-specific characterization information. Most studies 

have relied on idealized/hypothetical scenarios. Only a few modeling studies have 

compared simulation results with experimental data in one-dimensional (Chen et 

al., 2013; Haest et al., 2010(b); Schaefer et al., 2009) and two-dimensional systems 

(Haest et al., 2012). These previous studies investigated the transformation of 

residual contaminant mass from DNAPL dissolution and did not explore the 

potential influence of low permeability zones and back diffusion and desorption. 

Thus, limited insight can be gained from these studies pertaining to how secondary 

mass sources will influence long-term performance of MRD in heterogeneous 

environments. Storage of chlorinated ethenes in low permeability zones will tend 

to create persistent contamination, while storage of electron donors, on the other 

hand, could help to sustain treatment.  

2.2.3 Modeling of Coupled Processes 

To date, numerous transport simulators have been developed for applications to 

bioremediation of chlorinated solvent contamination and simulation of coupled 

processes in the subsurface. These simulators are based upon analytical (e.g., 

Biochlor (USEPA, 2000); REMChlor (Falta et al., 2005); ART3D (Quezada et al., 

2004); Natural Attenuation Software (NAS) (Widdowson et al., 2004)) and 

numerical (e.g., DNAPL3D-RX (Kueper and Frind, 1991; West et al., 2008; West 

and Kueper, 2012); COMPSIM (Sleep and Sykes, 1993); UTCHEM (Delshad et 

al., 1996); MVALOR (Abriola et al., 1992); MISER (Christ and Abriola, 2007); 

RT3D (Clement, 1997); SEAM3D (Waddill and Widdowson, 2000); BioRedox 

(Carey et al., 1999; Schreiber et al., 2004); PHT3D (Prommer, 2002)) models. The 
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analytical models are easy to apply to field simulations as screening level tools but 

typically incorporate only first-order reaction kinetics. The numerical models can 

be modified to represent detailed site conditions and are capable of simulating 

MRD in three-dimension heterogeneous domain but require considerably more 

site-specific information and data. Modeling studies have simulated the coupling 

of biodegradation, diffusion and sorption in aquifer-aquitard settings and 

demonstrated back diffusion and desorption of parent and daughter products from 

the aquitard (e.g., Rasa et al., 2011; Sale et al., 2008 (b); Wanner et al., 2018). 

However, these studies have only considered constant first order kinetics for 

biotransformation, typically neglecting the influence of donor limitation, inhibition 

and microbial growth. 

2.2.4 Reactive Transport Modeling Across Scales 

As has been reviewed in the last section, laboratory estimated parameters derived 

from well-mixed batch studies are commonly used in field-scale simulations to 

support remedial designs. Some studies (Brusseau et al., 2006; Haest et al., 2010b; 

Kelly et al., 1996; Sabalowsky and Semprini, 2010b) showed that biodegradation 

rates and microbial growth were comparable between batch and flow-through 

systems, while others observed discrepancies between batch and flow-through 

systems (e.g., columns (Grösbacher et al, 2018; Schaefer et al., 2009; Simoni et al., 

2001) and aquifer cells (Ballarini et al., 2014; Huang et al., 2003)). Most observed 

smaller growth or dechlorination rates in the flow-through experiments, with one 

(Schaefer et al., 2009) reporting greater dechlorination rates (by 200 times). 

Numerical modeling studies employing laboratory-fitted parameters (e.g., Ding et 
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al., 2017; Phanikumar et al., 2005; Smith et al., 1996 and 2001) observed 

overestimation of field-scale contaminant degradation and microbial growth by up 

to several orders of magnitude.  

 Limitations in Former Research 

As highlighted above, mathematical models have generally been applied to 

idealized scenarios, i.e., well-mixed systems consisting primarily of a liquid phase 

(batch) or homogeneous flow-through porous media systems. At real field sites, 

however, variability of permeability at the small scale will create tortuous flow 

paths, leading to non-uniform concentration distributions. This chemical variability 

would be expected to alter the spatial variation of microbial populations and the 

extent and location of MRD. Heterogeneity has typically been neglected in most 

previous MRD modeling research. Only a few studies included applications to 

heterogeneous domains (Hammond et al., 2005; Kokkinaki, 2013; West, 2009). 

These studies either focused on numerical model development (Hammond et al., 

2005) or simulated unrealistic conditions, i.e., they assumed excess donors and 

neglected fermentation (Kokkinaki, 2013) or assumed a one-step degradation 

process (West, 2009).  

The review of previous modeling studies also revealed the lack of attention paid to 

complications associated with modeling MRD in the presence of low permeability 

zones. Mass sequestered in low permeability zones, as aqueous and sorbed mass, 

can sustain long-term plumes. In the case of sequential dechlorination, transport of 

the dechlorinating compounds will be influenced by diffusion and sorption in the 

low permeability zones. However, the extent of influence will vary with the varying 
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diffusivity and sorptive capacity of these compounds. There is even a possibility 

that the presence of low permeability zones could lead to reduced plume persistence. 

Here longer residence times and the potential for sequestered electron donors could 

lead to long-term and more complete dechlorination. Finally, it is also not clear how 

microbial populations respond to mass storage and mass flux in the low 

permeability layers. Biomass distributions at textural interfaces and within low 

permeability zones can play an important role in the efficacy of MRD.   

Previous research has not considered the influence of the coupled processes of 

diffusion, sorption and MRD on model prediction of remedial efficiency. Most 

modeling studies included DNAPL dissolution and MRD to study bioenhanced 

DNAPL dissolution; some studies incorporated DNAPL dissolution, diffusion and 

sorption to explore back diffusion sustained contaminant plumes. Only a few 

studies (e.g., Sale et al., 2008b; Wanner et al., 2018) included the processes of 

microbial degradation to model the effect of desorption and diffusion on plume 

persistence. These models, however, have typically used first order rate kinetics 

and simulated only partial or one-step degradation for chlorinated ethenes. The 

influence of sorption and diffusion on mass rebound in MRD remediated 

chlorinated solvent sites has not generally been as well-recognized as that of 

DNAPL dissolution. As DNAPL sources have aged at many chlorinated solvents 

sites, there is an increasing need to understand how stored contaminant in low 

permeability zones influence ISB or MRD in the field. Numerical models can be 

adapted to represent specific site conditions, therefore are best suited to address this 

issue.  



27 

Batch-measured rate parameters and constants have commonly been used to model 

MRD in more complex systems. The batch systems differ considerably from real 

field conditions in terms of solid-to-liquid ratio, the presence of fluid flow, and 

attached-to-nonattached biomass ratio. While some modeling studies concluded 

that batch rates can be used to predict field scale observations, others reported 

discrepancies between batch rates and field scale rates. Lack of appropriate site-

specific parameters might introduce uncertainties to field scale model predictions. 

Further research is needed to evaluate the relevance of the observations and 

parameters in batch systems to more complex, multi-dimensional systems.  
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Chapter 3 Research Objectives 

 Research Objective 

The primary objective of this dissertation is to use laboratory and field observations, 

along with mathematical modeling, to investigate the influence of physical-

chemical-biological process coupling on the performance of ISB in complex, 

heterogeneous, subsurface environments. Here work focuses on the interplay 

between advective and diffusive fluxes, sorption processes, and microbial reductive 

dechlorination. The ultimate goal of this research is to improve the predictability of 

MRD remedial performance in real subsurface environments by using numerical 

models through identifying processes controlling effective transformation rates in 

multi-dimensional, heterogeneous, complex, flowing settings.  

 Research Goals 

(a) To develop a three-dimensional simulator capable of modeling MRD of multiple 

chemical constituents and microbial populations in complex, heterogeneous, 

subsurface environments. 

(b) To investigate the influence of MRD on diffusion in low permeability media.  

(c) To study the influence of physical heterogeneity on chemical and biomass 

distribution and biotransformation rates in low substrate environments. 
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(d) To explore the transferability of microbial transformation rates and conclusions 

obtained in laboratory systems (i.e., microcosm batches and aquifer cells) to 

applications in field-scale down-hole tests.  

(e) To investigate the influence of remediation design (i.e., substrate delivery 

frequency and hydraulic delivery rate) on dechlorination performance in multi-

dimensional, heterogeneous, field domains. 

 Research Hypotheses 

The primary hypotheses of this dissertation were: (1) Subsurface heterogeneity and 

slow mass transfer processes in low permeability are important factors impacting 

the performance of MRD, and models without consideration of those factors may 

not be able to adequately predict cleanup time and dechlorination extent; (2) 

Microcosm batch measured rate parameters can be used to predict MRD and 

concentrations of chlorinated ethenes and ethene in complex systems as long as 

heterogeneity and dimensionality are appropriately modeled. Models with 

microcosm measured rate parameters and insufficient representation of 

heterogeneity will mostly likely lead to less accurate predictions; and (3) A 

numerical model to successfully simulate MRD and reactive transport in realistic 

porous media will require the ability to capture the continuum-scale spatial 

variation of permeability, contaminant concentrations and microbial populations, 

the transient biochemical environment of substrate, hydrogen, inhibition, microbial 

growth and aqueous solute components and concentrations, and the translation of 

these transient factors to biotransformation kinetics and rate parameters. 
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 Research Approach 

The research consists of three independent modeling studies that simulate MRD 

across scales from intermediate laboratory systems to a field scale pilot system. The 

first study, presented in Chapter 4, is designed to explore the enhanced diffusion 

and degradation in a heterogeneous aquifer cell packed with six porous media. 

Experimental observations from the tracer and remedies tests are compared with 

model simulations to address goal (b). The second study in Chapter 5 is designed 

to investigate the coupled processes of diffusion, sorption and MRD in a 

heterogeneous aquifer cell that was packed to mimic field site conditions. The MRD 

aquifer cell experiments are simulated to address goals (a) and (c) and to obtain 

effective parameters for field simulations. The process of MRD in the Commerce 

Street Superfund Site (Williston, VT) is simulated in Chapter 6 to assess the 

suitability of laboratory-derived parameters to model ISB at the field scale. This 

Chapter addresses goals (d) and (e). The experimental studies in the laboratory 

systems were designed to facilitate the implementation and evaluation of ISB in the 

Commerce Street Superfund Site. A detailed description of the field site conditions 

can be found in the final project report (Abriola et al., 2019).   
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Chapter 4 Exploration of Bioenhanced Back 

Diffusion in a Heterogeneous Aquifer Flow Cell 

This chapter is modified from a manuscript that has been submitted to a peer 

reviewed journal. This paper described a coupled experimental and modeling 

investigation of bioenhanced back diffusion and Dhc strain abundance in a 

heterogeneous aquifer cell. The laboratory experiments and measurements were 

conducted by Jason P. Hnatko from the Cápiro Lab at Tufts University. The 

numerical modeling was conducted by Lurong Yang to simulate the non-reactive 

tracer test and abiotic flushing and to analyze bioenhancement of chlorinated 

ethenes and ethene diffusion. The primary author of this work is Jason P. Hnatko. 

The sections in the manuscript about modeling studies were written by Lurong 

Yang. The paper was prepared with the guidance of Dr. Natalie Cápiro, Dr. Linda 

Abriola and Dr. Kurt Pennell. This chapter only includes sections related to 

modeling from the paper manuscript.  

Title : Bioenhanced back diffusion and population dynamics of Dehalococcoides 

mccartyi strains in heterogeneous porous media 

Authors: Jason P. Hnatko, Lurong Yang, Kurt D. Pennell, Linda M. Abriola and 

Natalie L. Cápiro  
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 Introduction  

Treatment of the contaminants in heterogeneous aquifers has been one of the 

common challenges for MRD-based ISB because adequate mixing of contaminants 

and reagents is difficult to achieve in low permeability zones (Kitanidis and 

McCarty, 2012). Like the DNAPL mass, sequestered mass in the low permeability 

zones can act as a secondary source to sustain plumes long after the source has been 

treated (Stroo et al., 2012; McGuire et al., 2006; Sale et al., 2008 (a)). 

Improvements of bioremediation performance in the heterogeneous sites require a 

better understanding of the interplay between the biological activities, sorption, and 

diffusion in and around those water-inaccessible zones (NRC, 2013).  

Progress has been made in quantifying the removal of DNAPL source mass under 

the influence of MRD (e.g., Amos et al., 2008; Cápiro et al., 2015; Christ and 

Abriola, 2006; Glover et al., 2007; Sleep et al., 2006; Yang and McCarty, 2000), 

leading to findings of bioenhanced DNAPL dissolution (1.5 to 14 fold enhancement 

over abiotic dissolution). The mechanism associated with the enhanced dissolution 

is due to 1) the increase of linear driving force for mass transfer to the aqueous 

phase and 2) the increase of aqueous phase concentrations due to higher aqueous 

solubility of transformed daughter products, e.g., cis-DCE, VC, and ethene in the 

case of TCE (Christ, 2005).  

Similarly, the dechlorinating activities around the low permeability zones have the 

potential to increase the mass flux from the contaminant reservoirs (i.e., the low 

permeability zones) to the tranmissive zones by increasing the driving force for 

mass transfer (Chambon et al., 2010; Gomez-Velez et al., 2014; Scheutz et al., 
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2010). Additionally, there has been studies showing penetration of microbes into 

the low permeability porous media (Scheutz et al., 2010; Damgaard et al., 2013), 

which pointed to the possibility for sustained biotransformation to treat the low 

permeability zones.  

Numerical models serve as predictive tools to assess the effect of back diffusion in 

both field- and bench-scale systems (2-D) involving permeability heterogeneity 

(Chapman and Parker, 2005; Chapman et al., 2012; Parker et al., 2008; Rodriguez, 

2006). However, these studies do not account for coupled processes, including 

diffusion, sorption, and biotransformation. The change in properties (e.g. 

diffusivity, sorptive capacity, volatility) of daughter products by biotransformation 

can influence the prediction of cleanup of the sequestered mass in low permeability 

soil. There are, to date, no studies that utilized numerical models to quantify the 

extent of back diffusion when enhanced by biotransformation.  

As discussed above, microbial activities are important to release of sequestered 

mass from the low permeability zones and speed up the cleanup of low permeability 

zones. This chapter describes a coupled experimental and mathematical modeling 

study that was designed to evaluate the influence of MRD on removal of 

contaminant mass stored in porous media with varying permeability and organic 

carbon content by using a 2-D aquifer flow cell.  
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 Methodology 

4.2.1 Aquifer Cell Experiment  

A schematic diagram of the experimental settings for the first aquifer cell is shown 

in Figure 4.1. This aquifer cell with a dimension of 63.5 cm (length) × 38 cm (height) 

× 1.4 cm (thickness) was packed with a background ASTM 20/30 sand, four imbed 

soil lenses (5 cm (height) x 14 cm (length)) and a bottom clay layer (3 cm in height). 

The lenses consisted of four soil materials of different sorptive and physical 

properties, including Webster soil, Appling soil, loamy sand, and F-95 low-

permeability sand. The materials of the loamy sand lens and the clay layer were 

collected from the Commerce Street Superfund Site. The experimental procedure 

includes sequentially a conservative tracer test, an abiotic flushing remedy, and 

finally an MRD remedy that was conducted by bioaugmenting with a 

dechlorinating consortium, the KB-1® inoculum (SiREM; Guelph, Ontario). 

Operation parameters are listed in Table 4.1. (extracted from the paper manuscript). 

Details about experimental materials and analysis methods can be found in the 

project report (Abriola et al., 2019) and will be left for the paper and dissertations 

of group members in the Cápiro Lab. 
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Figure 4.1 Illustration of the aquifer cell construction for the first laboratory 

experiment. Green circles represent the sampling ports. 
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Table 4.1 Aquifer cell operation parameters 

 

 Biotic Experiment 

Phase 

TCE 

Plume 

Develop

-ment I 

TCE 

Plume 

Develop

-ment II  

TCE 

Plume 

Develop

-ment III  

B
IO

A
U

G
M

E
N

T
A

T
IO

N
 

Establish 

Microbial 

Communit

y 

Biotic 

Treatment I 

Biotic 

Treatment II 

Avg. Flow Rate 

(mL/min) 
0.51  0.71  0.39  0.27  0.21 0.16  

Duration (PVs) 12.9 6 3.7 2.6 5.8 1.5 

Duration (days) 21 7 8 8 23 8 

Influent Solution 

10 mM 

sodium 

chloride 

Mineral Salts 

Medium with 10 

mM sodium lactate 

Mineral Salts Medium with 10 mM 

sodium lactate 

Influent TCE  0.5 mM 0.5 mM 0.5 mM 0.5 mM 0.04 mM 0.01 mM 

 

 

 Bromide Tracer Abiotic Experiment 

Phase 
Bromide Plume 

Development 
Bromide Flushing 

Bromide/TCE 

Plume 

Development 

Abiotic Flushing 

Avg. Flow Rate 

(mL/min) 
2.4 2.4 1.0 0.93 

Duration (PVs) 0.63 2.3 15.9 8.9 

Duration (days) 0.21 0.79 13 8 

Influent Solution 

10 mM sodium 

bromide and 0.075 

mM sodium 

fluorescein 

10 mM sodium 

chloride 

10 mM sodium 

bromide 

10 mM sodium 

chloride  

Influent TCE  0 mM 0 mM 0.5 mM 0.01 mM 
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4.2.2 Numerical Simulations 

A modified version of MT3DMS (Yang et al., 2018) was used to simulate bromide 

tracer and abiotic TCE back diffusion experiments, and to quantify bioenhanced 

chlorinated ethenes and ethene diffusion. This model was coupled with 

MODFLOW (McDonald and Harbaugh, 1988) to simulate transient flow 

conditions. In MT3DMS, aqueous transport of non-reactive components is 

represented by a traditional advection-dispersion-reaction equation. The governing 

equation for aqueous transport of non-reactive components in the simulator 

MT3DMS is given as: 

‬

‬ὸ
—ὅ ♩Ͻ—ὅὺ ♩Ͻ—╓ Ͻ♩ὅ Ὁ  (4.1) 

where — is the porosity of the aquifer material (dimensionless), ὥ denotes that the 

simulated quantities are in the aqueous phase, ὅ  is the mass concentration in 

aqueous phase (ML-3), ὺ  is the aqueous phase linear pore water velocity (LT-1), 

╓  is the aqueous phase hydrodynamic dispersion tensor (L2T-1), and Ὁ  is the 

mass transfer between sorbed and aqueous phases: 

Ὁ ”
‬Ὓ

‬ὸ
 (4.2) 

where ” is the porous media bulk density (ML-3) and Ὓ is the sorbed concentration 

of the component with respect to the solid mass (MM-1). In this work, consistent 

with available batch data (Gaeth, 2017), linear equilibrium sorption of TCE to soil 

materials was assumed, Ὓ ὑὅ , where ὑ  is the distribution coefficient (L3M-

1). This version of MT3DMS was coupled with MODFLOW (McDonald and 

Harbaugh, 1988) to account for transient groundwater flow. Detailed descriptions 
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of model structure and numerical computation are provided in previous papers (e.g, 

Zheng et al., (1999); Yang et al. (2018)). 

Initial model parameter values (Table 4.2) were obtained from published 

experiments conducted with the same porous media. Data from the bromide tracer 

experiment were used to characterize the flow field and fit hydraulic parameters 

(hydraulic conductivity and dispersivity coefficients) in the numerical model.  

To represent the actual experimental conditions of the aquifer cell, the model 

domain was tailored to account for all of its features, including the lenses, clay layer, 

and most importantly, the influent delivery system. Prediction accuracy for 

compound concentrations in the aquifer cell depends primarily on a simulation of 

the resultant flow field. A schematic diagram of the model domain for the aquifer 

cell is shown in Figure 4.1. The aquifer cell was conventionally modeled as a 

pseudo two-dimensional domain, as transverse transport along its thickness was 

considered to be minimal. Flow chambers, constructed as slotted stainless steel 

wells to promote uniform flow distribution into the aquifer cell, were simulated by 

assigning a hydraulic conductivity six orders-of-magnitude higher than that of the 

background sand to the first and last column of the numerical grid cells. A stainless-

steel drop tube in the influent chamber was used to allow the influent solution to 

flow from a constant head reservoir to create a steady flow rate, and an effluent 

drop tube was open to the atmosphere at a fixed height. In order to simulate these 

conditions, the numerical grids at the inlet and outlet points (Figure 4.1) of the flow 

tubes were assigned as constant head cells. A fine spatial discretization was applied 

to the model domain with a grid spacing of 1 cm (length)  0.25 cm (height) to 
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capture mass transfer processes (e.g., diffusion) in the vicinity of lens and clay 

layers. An implicit finite difference scheme with upstream weighting on advection 

was used to solve the transport equations, providing computational efficiency and 

robust numerical solutions. An adaptive temporal discretization was applied to 

minimize numerical dispersion.  

As the hydraulic head gradient was controlled and known throughout the 

experiments, hydraulic conductivity and dispersivity coefficients were adjusted by 

running numerical simulations to match 1) the average effluent flow rate and 2) the 

breakthrough curves of the initial bromide tracer test. Effluent tracer breakthrough 

curves (BTC) were used to calibrate the hydraulic conductivity of the background 

sand while sampling port tracer data was mainly used to fit the hydraulic 

conductivities of the lenses and the clay. Iterative revision of parameters was used 

to minimize the root mean square errors between model simulation and 

experimental observation of the BTC as the complexity of the system and the 

number of adjustable variables prevented the use of a parameter optimization 

procedure. 

A comparison of simulated and measured TCE (sorptive) and bromide 

(conservative) concentrations at sampling ports and in the effluent during the 

abiotic flushing experiment facilitated calibration of the linear sorption coefficients 

(ὑ ). Porosity was calculated from experimental measurements of soil mass and 

emplaced volume. Free-solution diffusivity values for bromide and TCE were 

2.01x10-5 cm2/s and 7.99x10-6 cm2/s, respectively (Li and Gregory, 1974; 

Verschueren, 2001). A tortuosity of 0.67 (Ball et al., 1997; Johnson et al., 1989) 
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was used to obtain the effective diffusivity used in the model following the method 

by Yang et al. (2018).  

The total molar sum of chlorinated ethene and ethene concentrations (total ethenes) 

observed during the biotic experiment were compared with model predictions of 

concentrations expected in the absence of MRD to assess the influence of 

biotransformation on diffusion and desorption (bioenhancement of back diffusion). 
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Table 4.2 Initial and calibrated model parameters for aquifer cell transport simulations 

 Published Values Model Calibrated Values Measureda 

Porous Media 

Organic 

Carbon 

Content (% 

mass) 

Hydraulic 

Conductivity 

(m/day) 

Linear Sorption 

Coefficient, 

ὑ (L/kg) 

Hydraulic 

Conductivity 

(m/day) 

Linear Sorption 

Coefficient, 

ὑ (L/kg) 

Porosity, — (-) 

ASTM 20/30 N/A 330b N/A 200 0 0.45 

Webster Soil 1.96%c 0.86d 2.47e 0.6 4.16 0.51 

Appling Soil 0.66%c 10.2f 0.83e 5 0.95 0.33 

Commerce St. Soil 0.09%g 1.7-6.9g 0.13g 5 0.13 0.3 

F-95 Sand 0.01%c 1.9h 0.006i 1 0.0013 0.28 

Commerce St. Clay 0.30%g N/A 0.35g 0.05 0.40 0.78 

 
a. Measured in this experiment by mass added and aquifer cell volume 
b. Taylor et al., 2001  
c. Marcet et al., 2018 
d. Marcet, 2014  
e. Calculated by ὑ ὕὶὫὶὥὲὭὧ ὅὥὶὦέὲ ὅέὲὸὩὲὸὑz  using the organic carbon content from Marcet et al., 2018 and ὑ
ρςφ ὒȾὯὫ for TCE from Pankow et al., 1996 

f. Pennell et al., 1995 
g. Gaeth, 2017 
h. Chen et al., 2007 
i. Joo et al., 2008  
j. N/A = not available  
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 Results and Discussion 

4.3.1 Bromide Tracer Breakthrough 

Calibrated parameters used in the tracer test model are listed in Table 4.2. The 

hydraulic conductivity values (ñModel Calibrated Valuesò in Table 4.2) of the 

emplaced media were reduced by a factor of 1.5 to 2 from initial values (ñPublished 

Valuesò in Table 4.2) in order to match both measured hydraulic gradient and flow 

rate. An initial longitudinal dispersivity value of 0.1 cm and a vertical to 

longitudinal ratio of 0.1 were employed, following Lyon-Marion et al. (2017). The 

longitudinal dispersivity was then slightly adjusted to a value of 0.24 cm after 

calibration in order to match the rise and tailing of the bromide BTC. Experimental 

measurements and the associated numerical simulation of the bromide BTC are 

plotted in Figure 4.2. Using the calibrated parameters, the model matched the 

experimental BTC with goodness of fit of 0.86, 0.60, 0.82, and 0.79, calculated by 

the normalized root mean squared error (ñgoodnessOfFitò in MATLAB  R2016a, 

The Mathworks, Natick, MA), for data collected in effluent, and ports 1E, 2C, and 

4D, respectively. The model simulation matched the asymmetrical shape of the 

BTCs, but under-predicted the magnitude of the effluent tailing at late times, 

possibly due to simulation of the diffusive mass transport within the clay layer at 

the bottom (Figure 4.3). However, a mass balance calculation by using 

experimental data of influent mass (750.8 gram) and effluent mass (831.9 gram) 

yielded a mass recovery of 110%, suggesting that the high tailing could be 

attributed to mass retention from a prior tracer test (not modeled). The 

underprediction at the tail of the BTC was unlikely to be caused by the spatial grid 
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discretization. A previous aquifer cell modeling study of the bromide tracer 

(Chapman et al., 2012) with similar flow rate (0.9 and 1.5 mL/min) and higher 

sand/low perm contrast (six order-of-magnitude difference) showed that a vertical 

spacing of 1 cm was able to provide accurate simulations for the fine scale diffusion 

near/in low perm lenses of 5 and 7 cm in height. Here, the vertical spacing of 0.25 

cm was applied to resolve the transport in lenses of 2.25 to 4.75 cm in height. 

Preliminary test simulations with different grid resolutions showed that the current 

grid discretization, combined with the temporal discretization, was able to capture 

the diffusion and avoid numerical dispersion. It is to be noted that the resolution in 

the longitudinal horizontal direction was not the major factor controlling simulation 

accuracy of back diffusion. The model predictions for side ports matched the 

breakthrough times and the plateau maximum concentrations (10mM). In general, 

the model results displayed good agreement with experimental BTCs in terms of 

the shape, arrival time, and plateau concentration, demonstrating the capability of 

the model to simulate the heterogeneous aquifer cell and the suitability of calibrated 

parameters used in the model.  

 



44 

 

Figure 4.2 Comparison of bromide tracer concentration measurements (open circles) 

and model fit (solid lines) in (a) effluent and (b-d) ports 

 

Goodness of fit: 
0.86

Goodness of fit: 
0.60

Goodness of fit: 
0.82

Goodness of fit: 
0.79
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Figure 4.3 Simulated aqueous concentration of bromide in aquifer cell at PV 1.96 

(hour 15) of tracer experiment
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4.3.2 Desorption and Diffusion under Abiotic Conditions 

Measurements from the abiotic flushing experiment were used in conjunction with 

model simulations to investigate the influence of sorption and diffusion on the 

removal of sorbing (i.e., TCE) and non-sorbing (i.e., bromide) solutes (Figure 4.4). 

One PV after reducing the solute influent concentrations, the concentrations 

dropped rapidly, with the effluent TCE and bromide concentrations reduced to 16.9% 

and 8.5% of the loading concentrations, respectively.  After 9 PVs of flushing, TCE 

concentrations were one order-of-magnitude lower than the input concentration, 

while bromide concentrations were two orders-of-magnitude lower than the input 

concentration. Based on model simulations, the TCE mass retention percentages 

from each porous material at the final flushing time were 2.7%, 51.5%, 26.4%, 

2.6%, 4.1%, and 20.1% in the background sand, Webster lens, Appling lens, 

Commerce Street lens, F-95 sand lens, and clay layer, respectively. This higher 

retention of TCE in comparison to that of bromide (which had 1.9% mass retention 

in the clay layer and 0.3% in other locations) is attributed primarily to the influence 

of sorption. 
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Figure 4.4 Comparison of experiment observations and calibrated model 

simulations of bromide and TCE concentrations (normalized by input concentration) 

plotted in linear and log scale (inset) during abiotic flushing experiment in (a) 

effluent (b) port 1E (c) port 2C and (d) port 4D. Influent TCE and bromide 

concentrations were switched to 0.01 and 0.0 mM at time zero (PV=0), respectively 

Experiment data: circleðbromide, triangleðTCE; Simulation: dashed lineð

bromide, solid lineðTCE  
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Measurements and model predictions of bromide and TCE concentrations during 

the abiotic flushing period are presented in Figure 4.4 for the effluent, a port above 

the clay layer [1E], a port downgradient of the Commerce Street lens [2C], and a 

port downgradient of the F95 sand lens [4D]. These locations were selected based 

upon their proximity to low-permeability materials that can retain contaminant 

mass and thus, support back diffusion and desorption. The agreement between 

model predictions and experimental measurements indicates that the model is 

capable of capturing measured bromide and TCE back diffusion under abiotic 

conditions, with goodness of fits of 0.91 and 0.95 in the effluent, 0.88 and 0.91 at 

port 1E, 0.99 and 0.86 at port 2C, and 0.98 and 0.84 at port 4D for bromide and 

TCE, respectively. Although the geometry of the low-permeability compartments 

was digitized based on images of the aquifer cell, fine-scale variations in lens shape 

and compaction of the material may partially account for the discrepancies between 

model simulations and experimental measurements. 

4.3.3 Desorption and Diffusion under Abiotic and Biotic 

Conditions 

To explore the influence of MRD on chlorinated ethene mass transfer, a synthetic 

abiotic flushing experiment (with the same influent conditions but without MRD) 

was created by numerical simulation and model predictions compared with 

measurements of total ethenes during the biotic experiment. Under biotic 

conditions, TCE transformed to the lesser-chlorinated transformation products, 

which have higher diffusivities, higher solubilities, and lower sorption coefficients 

than TCE. This transformation increases the mobility of the compounds, thus 
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increasing the driving force for back diffusion, resulting in microbially-enhanced 

mass elution. As the comparative simulation used the same flow rate and input 

concentration of TCE as the MRD experiment, comparison of aqueous mass 

(measured biotic vs. modeled abiotic) at sampling locations indicates the influence 

of MRD on contaminant mass transfer. An expression to quantify the extent of 

bioenhanced back diffusion and desorption was developed as:  

‏
ὅὓ ὅὓ

ὅὓ
ρππϷ (4.3) 

Here, ‏  is a measure of the effective enhancement of TCE diffusion and 

desorption by MRD, ὅὓ  is the total ethene molar mass calculated using 

experimental data for a specific location (e.g., effluent or sampling port), and 

ὅὓ  is the TCE molar mass calculated using the model simulation at the same 

location. ὅὓ  or ὅὓ  is calculated by a stepwise summation of the discrete 

data of total concentration, В ὸέὸὥὰ ὧέὲὧὩὲὸὶὥὸὭέὲ

ὸὭάὩ ὭὲὸὩὶὺὥὰ Ὢὰέύ ὶὥὸὩ. Predicted and measured concentrations of 

total ethenes in the effluent and selected ports are compared in Figure 4.5 with 

subplots for the two ports with the highest ‏  values, both located at the bottom 

of the aquifer cell (near the clay layer).   

The ‏  values (Figure 4.5) reveal that total ethene mass elution was enhanced 

by MRD, with ‏ >0 calculated at all sampling locations (12% for the effluent 

and 6%-53% at the sampling ports). Sample ports directly impacted by mass 

transfer from low-permeability layers displayed more pronounced differences from 

abiotic simulations than ports located downgradient of more permeable materials. 
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For example, ports 1E and 3E, in close proximity to the clay layer (lowest 

permeability and higher sorption capacity than background sand), displayed the 

highest MRD enhancements of 53% and 40%, respectively. Similar enhancements 

were observed in other locations near low-permeability zones (Figure 4.6). The 

ports immediately downgradient from the Webster (port 2A), Commerce Street 

(port 2B and 2C), and F-95 soil lenses (port 4C and 4D) were associated with 

bioenhanced mass transfer ranging from 22-35%. Lower enhancement (12%) was 

measured in the effluent, attributed to dilution from the more permeable, less 

sorptive zones. However, the lowest ‏  was measured at port 4B, immediately 

downgradient from the Appling soil lens, which has a higher organic carbon content 

than the Commerce Street and F95 lenses. This observation may be attributed to 

volatilization losses; TCE biodegradation products (cis-DCE, VC, and ethene) have 

higher volatility than TCE and the location of this port is nearest to air-water contact 

surface of the aquifer cell. Thus, the volatilization losses from the water table in the 

vicinity of port 4B may have resulted in a reduction in measured chlorinated ethene 

mass, and an underestimation of total ‏ . As the effluent represents the 

integrated effect of all locations in the aquifer cell, the ‏  calculated for the 

effluent may also be underestimated due to volatilization. The estimated ‏  over 

the later period (from PV 2.9 to the end of the experiment) also revealed a 

decreasing trend of enhancement from the influent to the effluent, i.e., ports 2B>4B, 

2C>3C>4C, 1E>3E. This trend indicates greater enhancement impact in the 

upgradient sample ports than the downgradient ports along the same streamline 

(Figure 4.7), which contradicts the concept of downgradient low permeability zones 



51 

dominating back diffusion. This observation might be attributed to the continuous 

TCE mass injection into the aquifer cell. More mass was loaded to the upgradient 

low permeability zones during the experimental period as a lower concentration of 

TCE (three order-of-magnitude greater than the MCL) was continuously introduced. 

This might result in greater effect of back diffusion and bioenhancement.  
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Figure 4.5 Bioenhancement of back diffusion and desorption in the heterogeneous aquifer cell; (a) ‏  (%) in effluent 

and selected ports where percentage values were calculated for the period from the lowering of the influent TCE 

concentration (PV 2.9) to the end of the experiment, and over the period of the entire biotic experiment (shown in 

parentheses),  (b) and (c) show the total molar concentration of chlorinated ethenes and ethene during biotic experiment 

compared with model simulations without MRD for port 1E and 3E, respectively 



53 

 

 

 

Figure 4.6 Selected results for the total molar concentration of chlorinated ethenes 

and ethene observed during biotic experiment compared with model simulations of 

abiotic flushing in port 2C and effluent 
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Figure 4.7 Model simulated streamlines in the aquifer cell 
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 Conclusions 

This chapter provided a laboratory study of the MRD influenced diffusion and 

desorption in a 2-D heterogeneous aquifer cell that was packed with four lenses and 

a layer of low permeability media with various hydraulic conductivities (0.05-5 

m/day) and organic carbon content (<0.1%-2%). The numerical modeling results 

revealed an estimated average of 12% bioenhanced back diffusion over the whole 

aquifer cell and an estimated maximum of 53% enhancement for locations near the 

bottom clay layer, which has the lowest hydraulic conductivity and medium content 

of organic carbon. This indicates the importance of microbial activities for 

contaminant biotransformation and mass release near/from the low permeability 

zones. Further, the influence of MRD enhanced back diffusion might be maximized 

in thick low permeability zones with greater storage volume and permeability 

contrast with the transmissive zones. Therefore, the inclusion of the coupled 

processes of diffusion, desorption and biotransformation is essential for accurate 

model prediction of bioremediation performance in scenarios with contrast 

permeability porous media. Models without consideration of bioenhanced back 

diffusion can lead to overprediction of plume longevity sustained by low 

permeability zones mass. Future modeling studies are recommended to explore the 

extent of bioenhancement in different conditions by varying low permeability layer 

thickness and/or volume, contact area of low pearmeability zones with transmssive 

zones, and the contrast permeablity between these zones.  
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Chapter 5 Exploration of Processes Governing 

Microbial Reductive Dechlorination in a 

Heterogeneous Aquifer Flow Cell  

This chapter is prepared as a co-authored manuscript to submit to peer-reviewed 

journal. This work includes numerical modeling of a flow-through bioremediation 

experiment conducted in a 2-D aquifer cell prepared with materials from the 

Commerce Street Superfund site (Williston, VT), configured to mimic site 

conditions. The goal of this study is to evaluate the suitability of applying 

microcosm-measured parameters to a multidimensional heterogeneous system, and 

to identify factors that influence MRD in complex systems. The implementation of 

the flow and transport model was conducted by Lurong Yang. The experimental 

measurements in the microcosm batch and aquifer cell were conducted mainly by 

Jason P. Hnatko from the research group of Natalie L. Cápiro at Tufts University. 

The microcosm batch parameter fitting was conducted by Jack L. Elsey. The 

primary author of this manuscript is Lurong Yang. The paper was prepared with 

the guidance of Dr. John A. Christ, Dr. Kurt D. Pennell, Dr. Natalie L. Cápiro, and 

Dr. Linda M. Abriola. 

Title : Exploration of processes governing microbial reductive dechlorination in a 

heterogeneous aquifer flow cell 

Authors: Lurong Yang, Jason P. Hnatko, Jack L. Elsey, John A. Christ, Kurt D. 

Pennell, Natalie L. Cápiro, and Linda M. Abriola  
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 Introduction  

In the past twenty years, microbial reductive dechlorination (MRD) has been 

proven an effective and cost-efficient method for in situ bioremediation (ISB) of 

chlorinated solvent plumes (ITRC, 2008; Lyon and Vogel, 2013). Hydraulic 

delivery of remedial amendments and substrates (biostimulation) and/or microbes 

(bioaugmentation) is often required to improve remedial performance and achieve 

complete dechlorination to ethene (Stroo and Ward, 2010). Unfortunately, 

subsurface physical heterogeneity tends to create flow bypassing (Stroo et al., 2012), 

hampering amendment delivery to low permeability zones that serve as long-term 

sources of contamination through desorption and back diffusion (Liu and Ball, 2002; 

Chapman and Parker, 2005; Parker et al., 2008; Chapman et al., 2012; Yang et al., 

2018). Furthermore, preferential flow pathways can also create spatial variations in 

concentrations (substrate, nutrient and contaminant), thereby altering the spatial 

distribution of microbial populations and transformation rates (Abriola et al., 2019; 

Cápiro et al., 2015; Meckenstock et al, 2015; Murphy et al., 1997; Nambi et al., 

2003). Thus, it is critical that site assessment and MRD remedial design efforts seek 

to account for the influence of chemical and physical heterogeneity, as well as the 

uncertainties introduced by insufficient subsurface characterization.  

Mathematical models can serve as an effective tool to integrate 

physical/chemical/microbial processes in heterogeneous settings, providing insight 

into historical conditions, remediation effectiveness, and controlling processes and 

guiding decision making and long-term management (e.g., Aziz et al., 2000; 

Borden, 2007; Christ et al., 2007; Clement, 1997; West and Kueper, 2012). 
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However, model applications require the specification of site-appropriate microbial 

rate parameters. To date, parameters from (well-mixed) microcosm batch studies 

have commonly been employed in field-scale model simulations to support 

remedial design and site management. While a few investigations (e.g., Clement et 

al., 2000; Schirmer et al., 2000) have concluded that field-scale degradation and 

microbial growth can be adequately predicted by laboratory-derived rate 

parameters (with minor adjustments and acceptable uncertainties), most (e.g., 

Chapelle and Lovley, 1990; Ding et al., 2017; Kang et al., 2019; Phanikumar et al., 

2005; Smith et al., 1996 and 2001) have determined that field-observed rates were 

overestimated by up to several orders of magnitude. To explore upscaling of 

laboratory-derived rates, comparative laboratory studies have also been conducted 

in batch and flow-through packed beds, often yielding contradictory results. Some 

(e.g., Brusseau et al., 2006; Haest et al., 2010(b) and 2012; Kelly et al., 1996; 

Sabalowsky and Semprini, 2010(b)) concluded that rates were comparable between 

scales while others observed discrepancies between batch and column (e.g., 

Grösbacher et al, 2018; Simoni et al., 2001) or aquifer cell (Ballarini et al., 2014; 

Huang et al., 2003) parameters, finding lower rates at the larger scales. One study 

(Schaefer et al., 2009) reported dechlorination rates 200 times higher in column 

than batch systems. Also, given that the above studies were primarily conducted in 

well-mixed or uniform permeability systems, they are of limited relevance to 

natural, heterogeneous, settings. Thus, there is an urgent need to improve our 

understanding of the influence of heterogeneity on effective transformation rates 



59 

and to explore the connection of these rates to laboratory-measured degradation 

rate parameters.  

Aquifer flow cells can be configured to resemble real subsurface conditions, 

providing insight into the complex process coupling that occurs in heterogeneous 

porous media (Abriola et al., 2019; Cápiro et al., 2015; Murphy et al., 1997). To 

date, however, there has been only one modeling study (Haest et al., 2012) that 

compared MRD simulations to laboratory experimental data in an aquifer flow cell 

(17 cm (long) × 10 cm (height)). These researchers concluded that batch-fitted 

specific degradation rates could provide a rough assessment of MRD in a two-

dimensional, uniformly-packed, aquifer cell but that simulations underestimated 

the extent of MRD by 37% and overestimated the biomass growth by one to two 

orders of magnitude. The potential influence of heterogeneity and back diffusion 

was not examined.  Modeling studies have investigated biodegradation in aquifer-

aquitard settings and demonstrated persistence of parent and daughter products 

released out of the underlying aquitard (e.g., Rasa et al., 2011; Sale et al., 2008 (b); 

Wanner et al., 2018). However, these studies have only considered one-step 

transformation, typically employing simplified kinetic models.  

This chapter describes a coupled experimental and mathematical modeling study 

designed to evaluate the suitability of microcosm-measured parameters for 

prediction of microbial transformations in multidimensional heterogeneous 

systems and to identify factors that influence the transferability of laboratory-

measured transformation rates to more complex systems. The aquifer cell was 

packed with materials from the Commerce Street Superfund site (Williston, VT), 
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configured to mimic real site conditions. Effluent and side port measurements of 

volatile fatty acid (VFA) concentrations, chlorinated ethenes and ethene 

concentrations, and biomass abundance were used, to evaluate model predictive 

performance. 

 Methodology 

5.2.1 Microcosm Experiments 

Microcosm experiments were performed in 160 mL glass serum bottles capped with 

butyl rubber stoppers and aluminum crimp caps. All reactors were prepared at room 

temperature in an anaerobic chamber containing an atmosphere of 97% N2/3% H2 

(Coy Laboratory Products; Grass Lake, MI). Porous media used in the microcosms 

were obtained from cores collected during the direct-push drilling of well DHT-2 

at the Commerce Street site. Reactors were prepared with 20 mL of porous media 

(15 g) and 80 mL of liquid for a total volume of approximately 100 mL. The liquid 

phase consisted of a mixture of groundwater and growth medium prepared as 

described in Löff ler et al .(2005). Reactors were amended with 0.10 to 0.48 mM 

TCE, 5 to 10 mM sodium DL-lactate (60%v/v solution) as electron donor, and 0.1 

mL of Wolin vitamin solution (Wolin et al., 1963) and bioaugmented with KB-1® 

inoculum (SiREM; Guelph, Ontario). Abiotic control reactors were prepared with 

sterilized growth medium and sterilized porous media. Detailed experimental 

materials and procedures are described in the project report (Abriola et al., 2019). 

5.2.2 Aquifer Cell Experiment  

A schematic diagram of the experimental settings for the second aquifer cell is 

shown in Figure 5.1. This aquifer cell has the same dimension (63.5 cm (length) × 



61 

38 cm (height) × 1.4 cm (thickness)) as the first aquifer cell in Chapter 4 and was 

packed with soil materials from the Commerce Street Superfund Site. The aquifer 

cell consists of seven layers (4 to 6 cm in height) and a bottom clay layer (3 cm in 

height). The seven layers were prepared by homogenizing soils from dissected 

cores and emplacing in an order that represents the stratigraphy of the field site. 

The experimental procedure includes sequentially a conservative tracer test, a 

recirculation phase to acclimate the dechlorinating cultures, and finally a long-term 

monitoring phase with one pulse injection of substrate amendment (i.e., lactate). 

The same dechlorinating consortium was inoculated as in the first aquifer cell 

experiment in Chapter 4. Details about experimental materials and analysis 

methods can be found in the project report (Abriola et al., 2019) and will be left for 

the paper and dissertations of group members in the Cápiro Lab. Operation 

parameters are listed in Table 5.1. 
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Figure 5.1. Aquifer cell configuration and side ports . Packed layers designated as 

ñL1ò- ñL7ò and ñClayò.
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Table 5.1 Aquifer cell operation parameters 

Phase: 
Bromide Tracer/TCE 

loading 

Lactate 

Recirculation 
Bioaugmentation 

Lactate/ Biomass 

Recirculation 
Long-term Monitoring 

Duration 

(days) 
37 10 1 14 42 

Porewater 

Velocity 

(cm/d) 

15 15 7.5 7.5 7.5 

Residence 

Time (days) 
4 4 8 8 8 

Injections 

10 mM bromide; 50 

mg/L erioglaucine A; 

40 mg/L TCE 

40 mg/L TCE; 10 

mM lactate 

100 mL of dilute KB-

1® inoculum 

40 mg/L TCE; 10 

mM lactate 

40 mg/L TCE; 1 pulses 

of 10 mM lactate (7 

days each) 
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5.2.3 Mathematical Modeling 

Reactive transport modeling was conducted using a newly modified version of the 

modular three-dimensional multispecies transport simulator MT3DMS. This 

simulator, originally developed by Zheng and Wang (1999), was previously 

modified to include transient groundwater flow, non-aqueous phase liquid 

dissolution, and coupled mass transfer processes of dissolution, diffusion and 

desorption in heterogeneous source zones (Christ et al., 2006; Parker and Park, 

2004; Yang et al., 2018). Following Christ and Abriola (2006), this modified 

version of MT3DMS was further adapted from the model in Chapter 4 to 

incorporate multi-order Monod kinetics, coupled with a microbial growth model, 

to account for biotransformation of multiple components by multiple microbial 

populations. The following section presents the main features of the mathematical 

formulation.  

5.2.3.1 Governing Equations for Solute Transport 

Transport and biological reaction of chlorinated ethenes, ethene, the primary 

substrate (i.e., lactate), as well as the electron donor, (ȟ are modeled. The 

governing equation for each aqueous component Ὥ is given by Zheng and Wang 

(1999) as, 

‬

‬ὸ
‰ὅ ♩Ͻ‰ὅ○ ♩Ͻ‰╓ Ͻ♩ὅ Ὁ Ὑ   (5.1) 

where ‰ is the porosity of the aquifer material (dimensionless), ὅ  is the 

concentration for component Ὥ in the aqueous phase (ML-3),  ○  is the aqueous 

phase linear pore water velocity (LT-1), ╓  is the hydrodynamic dispersion tensor 
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for component Ὥ in the aqueous phase (L2T-1), and Ὁ  is the mass transfer of 

component Ὥ between the sorbed and aqueous phases.  In this work, linear 

partitioning and local equilibrium are assumed, consistent with laboratory sorption 

studies with the Commerce Street aquifer materials (Gaeth, 2017), such that:  

Ὁ ”ὑȟ
‬ὅ

‬ὸ
 (5.2) 

where ”  is the bulk density of the porous medium (ML-3) and ὑȟ is the 

distribution coefficient of component Ὥ  (L3M-1).  Ὑ  represents the 

biotransformation of component Ὥ into/from other components in the aqueous 

phase. Here it is treated as a sink/source term in the aqueous system, neglecting any 

diffusional resistances within the biophase. It is also assumed that attached bacteria 

are immobile and that the influence of microbial growth on aqueous flow is 

negligible (low growth environment). Detailed model structure about advection, 

dispersion, diffusion and sorption is descripted in the paper by Yang et al. (2018).  

The mathematical model for MRD tracks the transformation and growth of two 

dechlorinator populations. Previous studies of the KB-1® culture (Duhamel et al., 

2002; Duhamel and Edwards, 2007 and 2006; Haest et al., 2010(b)) showed that 

two dominant species, Geobacter sp. (Geo) and Dhc, were responsible for 

degrading the majority of TCE to cis-DCE and converting cis-DCE to ethene, 

respectively. Hydrogen is assumed as the only direct electron donor for 

dechlorination and is produced from fermentation of the added organic substrate 

(i.e., lactate). Although the model includes a competitor species, competition for 

electron donor from other microorganisms, including methanogens, iron-reducers 
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and sulfate-reducers, was not considered in the aquifer cell simulations, as these 

microbial populations made up a minor fraction of the population in the KB-1® 

culture (Duhamel and Edwards, 2006). Note, however, in the field, donor 

consumption from microorganisms other than dechlorinators could play a role in 

influencing the effectiveness of in situ dechlorination, especially when the electron 

donor is limited. 

Based upon the above conceptual model, a dual Monod kinetics model (Chen et al., 

2013; Christ and Abriola, 2007; Clapp et al., 2004; Lee et al., 2004), accounting for 

competitive inhibition, hydrogen utilization, and biomass growth, is applied to 

describe MRD. The mathematical expressions for transformation of each 

chlorinated solvent component are given as: 

ὶ

Ὧ ȟὅὢ

ὑȟὍ ὅ

ὅ ὅȟȟ

ὑȟȟ ὅ ὅȟȟ
ȟ ὅ  ὅȟȟ

πȟ ὅ   ὅȟȟ

 (5.3) 

where ὶ is the mass rate of dechlorination of component Ὥ in the aqueous phase 

(ML -3T-1), Ὧ ȟ is the maximum utilization rate for component Ὥ (M- T-1), ὢ 

is the concentration (MbioL
-3) of attached active cells for the TCE dechlorinator (Ὦ

ὋὉὕ) and the cis-DCE and VC dechlorinator (Ὦ ὈὌὅ), ὑȟ is the half saturation 

constant for component Ὥ (ML -3), ὅ  is the aqueous H2 concentration (ML-3), 

ὅȟȟ is the threshold concentration of H2 for dechlorinating population Ὦ (ML -3), 

and  ὑȟȟ is the half saturation constant of H2 for dechlorinator Ὦ (ML -3). Here the 

traditional Monod kinetics equation is multiplied by a hydrogen utilization term, 

which accounts for the energy constraints to maintain a minimum H2 concentration 
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(Clapp et al., 2004; Fennell and Gossett, 1998).  The competitive inhibition factor, 

Ὅ (dimensionless), accounts for inhibition caused by competition for electron 

donors and enzymes (Cupples et al., 2004; Garant and Lynd, 1998; Haest et al., 

2010(a); Lee et al., 2004; Yu et al., 2005). Ὅ takes the general form of ρ

В ὅȾὑȟ , where ὑ
ȟ

 is the inhibition constant for component Ὥ (ML -3) from 

component Ὧ. Inhibition of the reductive dichlorination of the less chlorinated 

ethenes by the more chlorinated ethenes has been commonly observed (Christ and 

Abriola, 2007; Cupples et al., 2004; Yu et al., 2005; Yu and Semprini, 2004). The 

detailed inhibition model follows that employed in Christ and Abriola (2007): 

Ὅ ρ (5.4) 

Ὅ ρ ὅ Ⱦὑȟ  (5.5) 

Ὅ ρ ὅ Ⱦὑȟ ὅ Ⱦὑȟ  (5.6) 

For simplification, lactate is assumed to be fermented in a single-step to produce 

(  (e.g., Chen et al., 2013; Christ and Abriola, 2007), which is immediately 

available as an electron donor for dechlorination. The stoichiometry is given as 

(Ohnishi et al., 2012): 

#(#(/(#//(σ(/ᴼσ#/ φ(  (5.7) 

The following kinetic model is used for lactate transformation by the fermentative 

population (ὢ ):  

ὶ
Ὧ ȟ ὅ ὢ

ὑȟ ὅ
 (5.8) 
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The term Ὑ  in equation (5.1) for all components can be formalized as:Ὑ

ὶ , Ὑ ὶ ὶ , Ὑ ὶ ὶ , Ὑ ὶ  and Ὑ

ὶ . Then, Ὑ  for H2 production and consumption can be written as: 

Ὑ ὶ ὶ ὶ ὶ ) (5.9) 

where ὼ is the molar reducing equivalence of H2 that is generated or demanded 

during transformation of one mole component ὅ , άύ  is the molecular weight 

for component Ὥ.  

The growth rate of biomass is modeled for each population as a function of 

substrate transformation rate, yield coefficient, ὣ (MbioM
-1) and first order 

endogenous decay coefficient, Ὧȟ (T-1): 

Ὠὢ

Ὠὸ
ὣὶ Ὧȟὢ (5.10) 

The expressions for growth rate of Geo, Dhc, and fermenter are listed below, 

Ὠὢ

Ὠὸ
ὣ ὶ Ὧȟ ὢ  (5.11) 

Ὠὢ

Ὠὸ
ὣ ὶ ὣ ὶ Ὧȟ ὢ  (5.12) 

Ὠὢ

Ὠὸ
ὣ ὶ Ὧȟ ὢ  (5.13) 

In the model,  only attached (non-planktonic) biomass is assumed active for MRD 

and a very small minimum biomass concentration (e.g., 10-7 g-cell/m3) for each 

population is maintained throughout the domain, to allow for growth at any location 

in the absence of microbial transport. Simulations confirmed that this very small 
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biomass concentration has no appreciable effect on the predicted MRD. Uniform 

non-attached-to-total cell ratios of 33% (Geo) and 33% (Dhc) were assumed for the 

entire aquifer cell in this study, based upon measurements in a similar sized 

chlorinated solvent aquifer cell (Cápiro et al., 2015) and previous dechlorination 

studies (Sabalowsky et al., 2010(b)), and adjusted during calibration with the 

literature range of 10%-38% (Cápiro et al., 2015; Sabolowsky et al., 2010(b)). 

5.2.3.2 Model Implementation and Mass Balance 

 Stepwise/accumulative mass budget subroutines were implemented in the aquifer 

cell model for six chemical components: TCE, cis-DCE, VC, ethene, lactate and 

H2. In order to solve the fully coupled transport equations of the six components, 

the ὶ terms are calculated by lagging ὧ and  ὢ one time step,  

ὶȟ
Ὧ ȟ ὅȟ  ὢȟ

ὑȟὍ ὅȟ

ὅȟ ὅȟȟ

ὑȟȟ ὅȟ ὅȟȟ
 (5.14) 

An adaptive time step procedure was applied to account for the error introduced by 

using an explicit solution scheme for ὶ so that discrepancy between old and new 

solutions is constrained within a tolerable range (i.e., 10-6 here). Furthermore, the 

mass discrepancy indicator presented in MT3DMS manual (Zheng and Wang, 1999) 

are used to evaluate the accuracy of the model solutions for chlorinated ethenes and 

ethene: 

ὃὧὧόάόὰὥὸὭὺὩ ὈὭίὧὶὩὴὥὲὧώϷ

ВὛέόὶὧὩὓ ВὛὭὲὯὓ

πȢυ ВὛέόὶὧὩὓ ВὛὭὲὯὓ
 

(5.15) 
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 ὛὸὩὴύὭίὩ ὈὭίὧὶὩὴὥὲὧώϷ
ὛέόὶὧὩὓ ὛὭὲὯὓ

πȢυ ὛέόὶὧὩὓ ὛὭὲὯὓ
 (5.16) 

where ὓ  is the total molar mass of carbon bond in chlorinated ethenes and ethene 

(aqueous and sorbed) in the domain at the initial time step, ὓ  and ὓ  are the 

total molar mass at time step ὸ and its previous time step, ὛέόὶὧὩ and ὛὭὲὯ are the 

total molar mass into/out of the domain from external sources/sink for all 

chlorinated ethenes and ethene at time step ὸ, while ВὛέόὶὧὩ and ВὛὭὲὯ are 

accumulative mass exchange added up for all time steps. The ὛέόὶὧὩ and ὛὭὲὯ 

terms include mass exchanges between constant concentration boundaries, constant 

head boundaries, and constant flux boundaries. In general, the global mass balance 

calculated for simulated time duration using equation (5.15) and (5.16) was 

controlled below 0.5%. The biomass is updated after each transport step by using 

the following analytical solution,  

ὢȟ ὢȟ ÅØÐ 
ὣὶȟ
ὢȟ

Ὧȟ  (5.17) 

5.2.3.3 Model Fitting of Batch Experiments 

A finite difference, coupled species, batch system mass balance model (Christ, 

2005; Amos et al., 2007(a)) was used to estimate MRD parameters from microcosm 

data (D2K-1, D2K-2, and D2K-3) for use in the aquifer flow cell simulations. In 

the batch model, transformation rates Ὑ  and inhibition were modeled by equation 

(5.3)-(5.9). The model incorporated equilibrium liquid-solid and liquid-gas mass 

partitioning, as well as mass loss via sampling and diffusion through the septa. 

Consistent with the experimental conditions, H2 (electron donor) was assumed in 
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excess at all times. Preliminary work demonstrated that adequate model fits could 

be achieved without any form of competitive inhibition in the model, so the 

competitive inhibition factors Ὅ were all set to unity. Given the large liquid to solid 

ratios in the microcosms, it was assumed that all dechlorination occurred in the 

aqueous phase; bacterial attachment was neglected. Batch model growth equations 

for the two dechlorinator populations are given by equation (5.10)-(5.13).  

Data (times series of biomass and aliphatic concentrations) from three microcosm 

replicates that most closely matched aquifer cell conditions and an abiotic control 

experiment were used, in conjunction with the batch model, for MRD parameter 

and mass loss estimation. For a given set of batch measurements, parameter fitting 

was accomplished by running the microcosm mass balance model and minimizing 

the combined mean square error (f): 

Ὢ
ρ

ὲὲ
ὅȟ ὅȟ

‌

ὲ
ὰέὫὢ ȟ

ȟ ὰέὫὢ ȟ
ȟ

 

(5.18) 

where ὲ is the number of aliphatic compounds (TCE through ethene), ὲ is the 

number of aliphatic sample data, ὅ  is the aqueous phase concentration (mM) of 

aliphatic compound Ὥ in sample Ὧ, ‌ is a weighting constant, ὲ is the number of 

Dhc biomass concentration samples, and ὢ ȟ is the aqueous phase biomass 

concentration (mg cell/L) of Dhc in sample b (D2K-2). Objective function 

minimization was achieved using the nonlinear least squares optimization 

algorithm ñL-BFGS-Bò (Zhu et al. 1997) as implemented in the SciPy Optimization 
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and Root Finding Module (Virtanen et al. 2020). Three maximum substrate 

utilization rates (Ὧ ȟ, where Ὥ = TCE, cis-DCE, or VC) and two yield coefficients 

(ὣ , where Ὥ  = cis-DCE or VC) were fit to D2K-2 with an ‌ ρπ  until a 

minimum value of Ὢ was obtained. Using data from D2K-2, three maximum 

substrate utilization rate parameters and two yield coefficients were estimated in 

the fitting process to trials ñD2K-1ò and ñD2K-3ò (‌ π). The average value of 

Ὧ ȟ over the three replicates was used to parameterize the aquifer cell model. 

Other parameters, including initial concentrations, endogenous decay rates, and 

half saturation constants were determined directly from laboratory measurements 

or from the literature. A complete description of model implementation and the 

staged fitting process is described in the project report by Abriola et al. (2019). 

5.2.3.4 Performance Metrics 

Two metrics were used to analyze to the aquifer cell modeling results: 

The mean relative effluent concentration errors were defined as, ὓὙὉ

В ὅ ȟ ὅ ȟȾὅ ȟȾὔ  ρππϷ , where 

ὸ  is the time when the Ὥ th concentration sample was taken, 

ὅ ȟÁÎÄ ὅ ȟ are the model predicted and experimental measured 

effluent concentration for component Ὥ at time ὸ, ὔ  is the number of total data 

samples taken for component Ὥ from ὸ π to ὸ .  

The extent of dechlorination = ὅ ςὅ σὅ  Ⱦ σὅ

ὅ ὅ ὅ  ]. The ratio of the modeled and the observed extent of 
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dechlorination was used to assess the model predictive performance in terms of 

dechlorination extent. A ratio of 1 indicates that the model adequately predicts the 

extent of dechlorination; A ratio <1 indicates an underestimation of the 

dechlorination; A ratio >1 indicates an overestimation of the dechlorination. 

 Results and Discussion 

5.3.1 Microcosm Fitting 

In these experiments, an average of 49 days was required to transform 95% of the 

TCE to ethene (Figure 5.2). For all three replicates, TCE was degraded rapidly, 

over an average period of 3.7 days, while cis-DCE persisted for an average of 30 

days. VC concentrations began increasing after an average of 7.0 days and peaked 

at day 26, when the concentration of cis-DCE dropped below the detection limit 

(0.0016 mM). Production of ethene was limited until day 26, the time at which VC 

concentrations peaked.  

The microbial transformation model generally provided a good fit to the measured 

chlorinated ethene and ethene concentrations (Figure 5.2), with total mean squared 

errors (Ὢ of 4.1e-4, 7.6e-5 and 5.2e-5 for the three trials, respectively. Average 

fitted Ὧ ȟ  parameters for the microcosm experiments are presented in Table 

5.2(a), along with other MRD model parameters required for the aquifer cell 

modeling, as taken from the literature. The fitted parameters are generally within 

the ranges of literature values except for Ὧ ȟ  and Ὧ ȟ  deviating within a 

factor of 2.8 from the literature values. These differences may be attributed to the 

difference in experimental conditions (soil, substrates, growth medium, 
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temperature, and vitamins) employed here versus previous KB-1 experiments 

(Table 5.3).  
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Figure 5.2 Modeled results and measured values for a set of three parallel microcosm trials (ñD2K-1ò, ñD2K-2ò, and ñD2K-3ò). Figures 

(a)-(c) show the comparison of modeled and simulated results for aqueous phase chlorinated ethenes and ethene concentrations. Figures 

(d)-(f) show comparison for biomass concentrations.
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Table 5.2 Dechlorinating parameters fitted to microcosm experiments (a) and 

estimated from the literature (b).   

(a) Microcosm-Based Parameters 

Parameter This study Literature e 

Ὧ ȟ (‘mol/(mg cell*d)) a   

TCE 670 (850,560,600) 5-1035 

DCE 737 (930,680,600) 1-530 

VC 387 (430,380,350) 6-214 

ὑȟ (‘M) b   

TCE 5.0  4-10 

DCE 74.5  1-196 

VC 50.4  1-197 

ὣ (mg cell/mmol)    

TCE 10.27 b 0.14-78 

DCE 0.11 c 0.04-20 

VC 0.96 c 0.40-20 

Ὧȟ (1/day) d   

GEO 0.05  0.05-0.1 

DHC 0.066 (0.031-0.066) 0.05-0.1 

a Fitted to the microcosm experiments. Averaged values and best-fit values for three 

trials (bracketed) are listed in order.  
b From Clapp et al. (2004). Values fixed at midpoint of the literature range. 
c Initial values of ὣ  ÁÎÄ ὣ  taken from Clapp et al. (2004) and fitted to match 

biomass measurements from one trial of the microcosm experiments. See section 

5.2.3.3. 
d  Ὧȟ

 from Christ and Abriola (2007). Ὧȟ  fit to the measurements of biomass 

in the microcosm experiments; 95% confidence interval in brackets.  
e Parameter ranges collected from Baelum et al. (2014), Duhamel and Edwards 

(2007), Friis et al. (2007), Haest et al. (2010a,b). The ranges and values for lactate 

were taken from Fennell and Gossett (1998) and Chen et al. (2013). Ranges and 

values for Geo and Dhc taken from Christ and Abriola (2007). 
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(b) Parameters Estimated from the Literature 

Parameter This study Literature d  

Lactate a    

Ὧ ȟ  (‘mol/(mg cell*d)) 135  135  

ὑȟ  (‘M)  2.5  2.5  

ὣ  (mg cell/mmol)  1.9  1.5-6.3  

Biomass b    

ὑȟ Ⱦ  (‘M) 0.1 0.015-0.1  

ὅȟȟ Ⱦ  (nM) 2  2  

Ὧȟ  (1/day) 0.05 0.05  

Stoichiometric coefficients, ὼ (mol H2/mol substrate) c  

ὼ  1.4   

ὼ  6   
a Not used in the microcosm batch model. ὑ ȟ  and ὑȟ  were taken from 

Fennell and Gossett (1998) and adjusted for the laboratory temperature. ὣ  was 

adjusted, within the literature range, to match measured effluent lactate 

concentration. 
b From Christ and Abriola (2007). 
c The coefficients for chlorinated ethenes and lactate were obtained from Christ and 

Abriola (2007) and Ohnishi et al. (2012). 
d Parameter ranges collected from Baelum et al. (2014), Duhamel and Edwards 

(2007), Friis et al. (2007), Haest et al. (2010a,b). The ranges and values for lactate 

were taken from Fennell and Gossett (1998) and Chen et al. (2013). Ranges and 

values for Geo and Dhc taken from Christ and Abriola (2007). 

 

 

Table 5.3 Experimental conditions of laboratory batch studies of dechlorination 

using KB-1 

KB-1 Paper Temperature 
Electron 

donor 

Solid 

phase 

Growth 

medium 
Vitamins 

Bælum et al., 

2014 
10° C lactate 

100 g of 

clay till 
none none 

Haest et al., 

2010 
20° C butyrate none 

mineral 

medium 
yes 

Friis et al., 

2007 
20° C lactate none 

mineral 

medium 
none 

This study 20° C lactate 15 g soil 
mineral 

medium 
yes 
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5.3.2 Flow Field and Tracer Test Model Calibration 

The numerical model of the aquifer cell was designed to reflect the experimental, 

multi-layer, permeability distribution and to reproduce the inflow and outflow 

system configuration (Figure 5.3). Higher hydraulic conductivity (6 orders-of-

magnitude lower than that of the Commerce Street soil) was assigned to the first 

and last column of the numerical grid cells, which represented the flow chambers. 

In order to simulate the controlled head gradient created by drop tubes in the 

influent and effluent chambers, the numerical grids at the inlet and outlet locations 

of the tubes were assigned as constant head/concentration cells. A refined uniform 

grid spacing (5 mm (length)  2 mm (height)) was applied in the upstream-

weighting implicit finite difference scheme to resolve transport processes, ensure 

computational stability, and improve predictive accuracy. A longitudinal 

dispersivity of 0.1 cm and a vertical to longitudinal dispersivity ratio of 0.1 were 

employed, consistent with model calibration in a similar packed cell (Lyon-Marion 

et al., 2017). Porosity was calculated from experimental measurements of soil mass 

and emplaced volume. Estimated material properties are provided in Table 5.4. 

Tracer test data were employed to calibrate the aquifer cell flow model boundary 

conditions and permeability field. Figure 5.4 and Figure 5.5 present the effluent 

bromide breakthrough curve and erioglaucine A tracer test photographs, 

respectively. The normalized concentration reached a peak of 0.4 in the influent 

and exhibited significant tailing. Dye tracer experiment results (Figure5.5) 

suggested the existence of a layer of higher permeability in the center of the aquifer 

cell, with lower permeability layers at the top and bottom. Initial hydraulic 
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conductivities were estimated by using layer-averaged pore water velocities 

calculated using visual observations of the movement of the blue dye tracer front. 

Then, after imposing a fixed hydraulic head gradient, the hydraulic conductivity of 

each layer was adjusted iteratively until a minimum normalized root mean square 

error (NRMSE) between model simulation and experimental observation was 

obtained.  

Employing these estimated parameters and boundary conditions, numerical 

simulations provided a reasonable match to the experimental effluent BTC, with a 

calculated NRMSE of 24.2 %. The simulated BTC matched the general shape and 

arrival time of the experimental BTC but displayed discrepancies in peak 

concentration and tailing concentrations at late times. These discrepancies may be 

attributed to small variations in layer configurations not captured in the numerical 

model domain. It is difficult to numerically characterize the detailed layer shapes 

introduced during the packing process. A minor adjustment was made to the 

porosity of L7 to improve the goodness of fit, associated with possible loose 

packing and air entry in the top of the system (Table 5.4).   

A small area of blue dye was observed at the bottom of the effluent screen at 5.4 

hours (Figure 5.5 (b)), suggesting some flow bypassing, consistent with early 

breakthrough observed in Figure 5.4. The mass recovered during this early 

breakthrough (0-day 2.7) accounted for 4.1 % of total bromide mass injected. The 

mismatch in early time concentrations was, thus, likely caused by a preferential 

flow pathway allowing a small proportion of influent solution to bypass the porous 

medium. However, the NRMSE improved only slightly (to 22.7%) when the early 
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breakthrough mass was excluded. Overall, the simulation results displayed good 

agreement with experiment data, supporting the used of these parameters in MRD 

simulations in the aquifer cell. 

 

Table 5.4 Estimated property parameters for soils used in the aquifer cell  

Porous Media 
Hydraulic Conductivity 

(m/day) 

Porosity, ‰ 

(-) 

L7 0.59 0.45 (0.51)a 

L6 0.3 0.51 

L5 0.75 0.48 

L4 1.18 0.45 

L3 1.42 0.45 

L2 0.35 0.48 

L1 0.75 0.5 

Clay 0.11 0.56 
a The porosity of L7 was adjusted to fit tracer data. The adjusted value in the 

parentheses was used in the model. 
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Figure 5.3 Modeled aquifer cell domain 

 

 

Figure 5.4 Comparison of experimental and model simulated effluent BTC. 

Experimental data: pink circle; Model simulation: blue solid line 
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Figure 5.5 Photographed (left) and simulated (right) tracer concentration for 

selected time: (a) hour 5.4, (b) day 1.8, (c) day 3.1, (d) day 4.1, and (e) day 4.9 
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5.3.3 MRD in the Aquifer Cell  

5.3.3.1 Experimental Results 

Figure 5.6 presents measured effluent concentration data for chlorinated ethenes, 

ethene, and lactate for the experimental period following biostimulation and 

recirculation (beginning at day 55). Note that, at the end of the recirculaton phase, 

high concentrations of ethene (average of 0.14 mM over 10 port samples) had 

accumulated in the aquifer cell, as evidenced by the high initial ethene effluent 

concentration in Figure 5.6 and the measured port data at this time (Figure 5.7).  

These high ethene levels were achieved by continuous introduction of lactate in the 

influent and increased contaminant residence (transformation) time, due to 

recirculation. It is useful to identify four distinct experimental time periods 

following recirculation: P1 (days 55-73, extending for 2.6 PV), P2 (days 73-80, 1 

PV of lactate injection), P3 (days 80-96, 2.3 PV post lactate injection), and P4 ( >96 

days, 2.4 PV, no effluent VFAs observed) (Figure 5.6). During P1, when lactate 

was not being introduced, the electron donor was being depleted and effluent cis-

DCE and VC concentrations increased three-fold (0.06 mM to 0.18 mM) and six-

fold (0.003 mM to 0.018 mM), respectively, while ethene concentrations declined 

by 59.5% (0.23 mM to 0.09 mM). Here the decline in ethene is attributed to 

inadequate electron donor for cis-DCE to ethene dechlorination. During P2, cis-

DCE transformation to VC and ethene slightly increased, as electron donor was 

again introduced. However, the extent of dechlorination was not complete; cis-DCE 

decreased to 16.7 % of its peak value (0.18 mM to 0.15 mM), VC increased by a 

factor of two (0.017 mM to 0.036 mM), and ethene declined by 28.9%. During P3, 
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the effluent cis-DCE concentration dropped rapidly (by 45%) and then leveled out 

at 0.96 mM.  During P4, lactate was depleted in the effluent (i.e., no longer in excess) 

and a small amount of untransformed TCE (5.8% of injected TCE) began to appear 

at day 105. This latter observation suggests that some microbial transformation was 

sustained in the absence of electron donor. Based on effluent concentrations 

measured at the end of P4, the observed extent of transformation required the 

presence of 0.34 mM of H2, equivalent to 0.056 mM lactate. It was hypothesized 

that dissolved organic carbon (DOC) in the site groundwater was contributing to 

dechlorination during P4. This background DOC level is consistent with the 

observed transformation of TCE to cis-DCE by indigenous microbes (e.g., Geo) in 

the field (Rectanus et al., 2007). Although Dhc was not present in the field, 

Schneidewind et al., (2014) previously demonstrated that native dechlorinating 

bacteria (i.e., Dhc) were able to use homogenized riverbed sediment with organic 

content to facilitate TCE dechlorination to cis-DCE, VC and ethene. Their 

statistical analysis further suggested that dechlorination rates were not related to 

type of carbon sources (e.g., lactate, molasses, and sediment extract). These 

observations are consistent with previous research that showed the competitive 

advantage of dechlorinators when resources are limited (Duhamel and Edwards, 

2007; Fennell et al., 1997; Yang and McCarty, 1998). High concentrations of 

dissolved organic carbon, ranging from 1.5 mgC/L to 3 mgC/L, were reported for 

the soils and groundwater samples that were collected in the field site area 

(Rectanus et al., 2007). The carbon concentration was converted to lactate 

concentration based on the carbon equivalence, resulting in lactate concentration of 
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0.042 mM-0.083 mM. Therefore, the mean value of 0.056 mM lactate was used in 

the numerical model as a background input concentration. Although reducing 

equivalents derived from endogenous decay products has been proposed to be one 

possible source to sustain MRD (e.g., Adamson and Newell, 2009; Sleep et al., 

2005), information and data (e.g., fermentation processes, kinetics and rate 

parameters) are lacking to support parameterization of the model.  

 

 

Figure 5.6 Chlorinated ethenes and ethene concentrations in the aquifer cell effluent. 

The solid vertical lines represent the beginning and end of the lactate pulse injection. 

The dashed vertical line represents the time at which VFAs were not detected in the 

effluent samples. TCE--Ǐ, cis-DCE--ö, VC--ƺ, Ethene,--Ў, lactate--*   
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5.3.3.2 Modeling MRD in the Aquifer Cell  

Numerical modeling was used to evaluate the transferability of microcosm-derived 

parameters to a bench-scale heterogeneous flowing system. Port-measured 

concentrations after recirculation were used to obtain initial conditions for the 

simulation. The simulation period extended for a 60-day period (P1-P4). The set of 

hydrogeological parameters (Table 5.4) obtained from calibration to the tracer test 

was used, in conjunction with the microcosm-based dechlorination parameters 

(Table 5.2(a)), to simulate MRD after recirculation. Rate parameters for lactate 

transformation (Table 5.2(b)) in the aquifer cell were obtained from the literature 

(ὑȟ  and Ὧ ȟ ), since fermentation was not tracked in the microcosm 

experiments.   Here the lactate yield coefficient (ὣ ) was determined through 

model calibration to measured lactate concentrations.  

Side port measurements of chemical and biomass concentrations (Figure 5.7 and 

Figure 5.8) were processed by using a 2-D scatter data interpolation algorithm, 

ñgriddataò (MATLAB, The Mathworks, Natick, MA), to obtain initial 

concentration contours used in the aquifer cell model (Figure 5.9 and Figure 5.10). 

A few other chemical property parameters were obtained from literature and kept 

fixed in the model (Table 5.5). ὑȟ  was set as as 0.12 L/kg and 0.35 L/kg for 

upper layer materials and the clay, respectively, consistent with batch sorption 

measurements (Gaeth, 2017). The ὑȟ  and ὑȟ  were obtained by scaling 

ὑȟ  based on the ratio of ὑ ȟȾὑ ȟ , where ὑ ȟ is organic carbon 

partitioning coefficient (L3/M) for component Ὥ. Ethene, lactate, and H2 were 

assumed to be non-sorptive constituents.  
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Consistent with effluent observations in P4, for the base case simulation, a 

background concentration of 0.056 mM lactate was included in the influent 

throughout the simulation period to represent the dissolved organic carbon (DOC) 

in the site groundwater.  

 

Table 5.5 Chemical component properties 

Properties 
άύa Ὀ a ὑ b 

(gram/mole) (m2/day) (L/kg) 

TCE 131.4 6.90e-5 126 

DCE 96.94 7.80e-5 48 

VC 62.5 9.20e-5 26 

ETH 28.05 1.16e-4 - 

LAC 89.07 1.27e-4 - 

H2 2.01 3.32e-e - 
a Ὀ  is the molecular diffusivity. Parameters were taken from Christ and Abriola 

(2007) and Chen et al. (2013). 
b Taken from Mackay et al., 2006. 
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Figure 5.7 Measured initial ports concentration for chemical components, (a) TCE, 

(b) cis-DCE, (c) VC, (d) ethene, and (e) lactate 

 

  

Figure 5.8 Measured initial ports biomass concentration for dechlorinators: (a) Geo, 

and (b) Dhc 
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Figure 5.9 Interpolated initial concentration for chemical components, (a) TCE, (b) 

cis-DCE, (c) VC, (d) ethene, and (e) lactate 

 

 

Figure 5.10 Interpolated initial biomass concentration for dechlorinators: (a) Geo, 

and (b) Dhc 

 



90 

Figure 5.11 (a)-(e) presents comparisons of simulation results to measured effluent 

BTCs for all monitored species. Inspection of the figure reveals that the microcosm-

derived parameters yielded model predictions that captured the general trends and 

magnitudes of the effluent BTCs reasonably well. Over the simulated period, mean 

relative effluent concentration errors, MRE were 6.7%, 27.0%, 41.5%, 32.0% and 

21.6%, for TCE, cis-DCE, VC, ethene, and lactate, respectively. However, the 

magnitude of modeled concentration discrepancies varied significantly across P1- 

P4 for each of the daughter products, with errors of -2% =13.3%-56.0%, 

MREVC=31.2%-55.2%, and MREETH=10.3%-49.0% (Figure 5.12). Average 

predictive errors for all four aliphatic compounds generally increased with time 

over the four periods (MRE=26.7%, 33.02%, 38.3%, 38.9%). A large discrepancy 

(>50%) between measured and modeled effluent cis-DCE and VC concentrations 

was observed during P4, while a good agreement with measured concentrations 

was attained for ethene (MRE=10.3%). The larger prediction errors in cis-DCE and 

VC at P4 are inconsistent with that of the first three periods.  This could be 

attributed to a change in transformation ability for Dhc, arising from utilizing 

endogenous decay products as carbon sources. This effect was not accounted for in 

the model. Although local errors were sometimes significant, predicted total 

chlorinated ethenes and ethene concentrations (TOTE) in the effluent compare well 

with measured TOTE (MRE =5%). This close agreement suggests that the overall 

flow system is well-modeled and indicates good experimental mass recovery and 

limited mass loss due to volatilization. These simulation results also suggest that 

microcosm fitted kinetic dechlorination rates can be used in a multidimensional, 



91 

bench-scale model to provide adequate predications for effluent concentrations and 

the extent of dechlorination. 

Comparisons of side-port volatile organic compound (VOC) and biomass data with 

model predictions were used to further assess model performance. Measured and 

predicted VOC concentrations are shown in Figure 5.13 for ports located 6 cm and 

40.5 cm from the influent chamber. While VOC measurements at the upgradient 

ports (Figure 5.13 (a), (b), and (c)) indicated minimal/no presence of VC and ethene, 

the data at downgradient ports (Figure 5.13 (d), (e), and (f)) demonstrate greater 

dechlorination. This is consistent with previous research that demonstrated the 

influence of residence time on complete dechlorination (e.g., Amos et al., 2009; 

Haest et al., 2010; Chen et al., 2013). Comparisons among downgradient ports C1, 

C3 and C5 (Figure 5.13 (d), (e), and (f)) reveals that the dechlorination extent 

increased from top to bottom, suggesting that more complete dechlorination was 

associated with the slower flow and anoxic conditions at depth. The model was able 

to capture the general shapes and trends of the measured VOC concentrations at 

these ports. However, the cis-DCE concentrations were overpredicted for 88% of 

data points by an average factor of 1.5, and ethene concentrations at port C5 (Figure 

5.13 (f)) were overpredicted during P3 by over a factor of 2. These observations are 

difficult to explain, given the errors predicted between measured and predicted 

effluent cis-DCE concentrations during P1-P3 were smaller than 50%. Thus, there 

may be other factors/mechanisms, associated with port sampling protocols and 

local packing variations that led to these discrepancies. The prediction of VOC 

concentrations in the bottom layers may have been influenced by mass diffusing 
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from the clay layers (Figure 5.15). The absence of initial biomass and VOC 

measurements in the clay could have adversely impacted model accuracy in this 

zone. In general, port observations demonstrate the importance of local 

permeability variations and spatially varying initial conditions on local MRD 

processes; prediction of effluent data was less sensitive to these local variations. 
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Figure 5.11 Comparison of measured and simulated concentrations of TCE, cis-DCE, VC, ethene, and lactate in the aquifer effluent for 

three cases: 1) a model simulation with introduction of background DOC (a)-(e); 2) a hypothetical scenario with uniform properties (f)-

(j); and 3) an alternative model simulation with background DOC (k)-(o). Data: TCE - Ǐ, cis-DCE - ö, VC - ƺ, Ethene - Ў, lactate - * ; 

Model: TCE - ñ ï  ò, cis-DCE - ñ--ò, VC - ñ-Ö-Ö-ò, Ethene - ñÖÖÖò, lactate - ñï ò. The two vertical lines represent the beginning and end of 

the lactate pulse injection
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Figure 5.12 Model prediction errors for effluent concentrations during four phases 
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Figure 5.13 Comparison of measured and predicted VOCs concentrations (mM) with respect to 

time at upgradient ports (a) A1, (b) A3, and (c) A5 and downgradient ports (e) C1, (e)C3, and (f) 

C5. Measured data: TCE - Ǐ, cis-DCE - ö, VC - ƺ, Ethene - Ў, lactate - * ; Model: TCE - ñ ï  ò, 

cis-DCE - ñ--ò, VC - ñ-Ö-Ö-ò, Ethene - ñÖÖÖò, lactate - ñï ò. 
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Figure 5.14 presents measured and simulated Geo and Dhc biomass at selected 

times for sampled side ports. Biomass data exhibited variations within one order of 

magnitude over time, with spatially-averaged values of 4.07×108, 2.47×108, and 

8.48×108 cell/L for Dhc at days 54, 90.3, and 103.6, respectively and an average of 

1.24×108 and 4.31×107 cells/L for Geo at days 54 and 90.3, respectively. These data 

indicate a stable population of Dhc over the course of the experiment. Biomass data 

at day 54 were used to establish the initial Dhc and Geo distribution in the aquifer 

cell for the model, hence yielding a perfect match with the data at this time (Figure 

5.14 (a) and (d)). Comparison of model simulated and measured Dhc abundance at 

days 90.3 and 103.6 revealed close agreement, with normalized root mean squared 

logarithmic errors (NRMSLE) of 6.1% and 24.0%, respectively (Figure 5.14 (b) 

and (c)). However, large deviations of predictions from data at day 103.6 were 

observed at the top ports (A1, B1, C1 and D1). NRMSLEs decreased substantially 

(to 2.6%) when these four top ports were excluded. The large predictive errors at 

the upper port locations (in L6 and L7, Figure 5.1) could be associated with 

(unmodeled) volatilization of dechlorinating daughter products at the free surface 

and/or the influence of water-air contact on cell growth and attached-to-

nonattached cell ratios. In contrast, predictions of Geo concentrations did not 

conform to the magnitude of or trends in the port measurements (Figure 5.14 (e)). 

This was expected, since values of ὣ  and Ὧȟ  employed in the model were 

taken from the literature and Ὧ ȟ  was based upon only two microcosm data 

points (due to the rapid transformation of TCE).   
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Figure 5.14 Comparison of measured and modeled concentration of non-attached 

Dhc [(a)-(c)] and Geo [(d), (e)] from sampling ports at Day 54, 90.3 and 103.5. 

Symbols represent measured experiment data; lines represent model predictions. 
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5.3.4 Exploration of the Influence of Heterogeneity on MRD 

The port data presented above demonstrated that dechlorination extent varied 

temporally and spatially in the heterogeneous aquifer cell. Model simulations were 

generally consistent with these observations; simulated VOC contours (Figure 5.15) 

demonstrated spatially variable ethene concentrations, with the most ethene 

production associated with the presence of low permeability layers.  In the model, 

these low permeability zones provided longer residence times for complete 

dichlorination. The low permeability media also acted as reservoirs to supply 

electron donor when substrates in the permeable zones were depleted. Conservative 

tracer studies (Figure 5.4 and Figure 5.5) confirmed this influence of permeability 

variations on back-diffusion; breakthrough curves exhibited an early peak 

associated with flow in the higher permeable layers and subsequent tailing resulting 

from release of tracer mass from lower permeability zones.  

Additional simulations were conducted to explore the influence of physical 

heterogeneity, as well as spatial variations in initial conditions, on predictions of 

MRD in the aquifer cell. Here a homogeneous hydraulic conductivity field was 

assumed, along with uniform initial chemical (cis-DCE, VC, ethene, and lactate) 

and microbial population distributions (Table 5.6). The uniform concentration 

values were taken as averages of the initial measured port data, while the average 

hydraulic conductivity was calibrated to the measured flow rate. Comparison of 

simulation results for the uniform case (Figure 5.11 (f)-(j)) with that of the 

heterogeneous (base) case reveals less accurate effluent concentration predictions, 

with time-averaged MREs increasing by 23.9%, 64.4%, 96.4%, 63.7%, and 24.7% 
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for TCE, cis-DCE, VC, ethene, and lactate, respectively. Large errors were 

obatianed over the periods P1-P4 for cis-DCE (MRE=48.7%-113.3%), VC 

(MRE=65.7%-115.5%) and ethene (MRE=24.7%-100.2%).  

The ratio of modeled to observed dechlorination extent in the effluent was also 

quantified using equations in section 5.2.3.4. The uniform model largely 

underpredicted transformation during P2 and P4, with mean values of modeled to 

measured dechlorination extent ratios of 0.61 (±0.04) and 0.62 (±0.04), comparing 

with the ratios during P2 (0.86 (±0.01)) and P4 (0.90 (±0.05)) in the heterogeneous 

model (Figure 5.16). The uniform model also predicted large variability in the 

dechlorination extent for P1 (0.96±0.22), P3 (1.01±0.27), and the entire simulation 

period (0.87 ±0.26), comparing with the ratios for P1 (0.95±0.07), P3 (1.05±0.15), 

and the entire period (0.96±0.11). 

In the homogeneous model, the time available (residence time) for dechlorination 

was uniform across the domain, resulting in incomplete dechlorination or ñcis-DCE 

stallò (Figure 5.15) and large variability between the measured and predicted extent 

of dechlorination. These results demonstrate the influence of local heterogeneity on 

dichlorination prediction accuracy; a uniform model was unable to provide accurate 

predictions of dechlorination product concentrations and extent of dechlorination 

under electron donor-limited conditions. These results contrasts with literature 

reports of field-scale reductions in observed effective transformation rates. The 

dechlorination extent in a uniform model was underpredicted by using the 

microcosm-fitted transformation rates when the heterogeneity was not captured. 

This also points to the benefit of permeability characterization at field sites; sparse 
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sampling will necessarily result in applications of models that use average soil 

properties, likely increasing prediction errors. 
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Figure 5.15 Simulated concentrations for chlorinated ethenes, ethene and lactate in 

the aquifer cell at day 90.3 in (a) the base case with a heterogeneous domain and 

(b) a uniform model 
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Table 5.6 Parameters used as inputs in the uniform model 

Parameter Values 

Hydraulic conductivity (m/day) 

 0.67 

Initial chemical concentration 

(mM) 

TCE 4.90E-03 

cis-DCE 0.057 

VC 0.0068 

ethene 0.14 

lactate 9.5 

Initial biomass concentration 

(cell/L) 

Geo 1.50E+08 

Dhc 2.20E+08 

 

 

Figure 5.16 The ratio of the measured to predicted extent of dechlorination in the 

effluent for the three simulated case (a) the base case with the addition of 

background lactate, (b) the uniform model with the addition of background lactate,  

and (c) the alternative case with no background lactate . A reference line with the 

ratio of 1.0 (indicating perfect model predictions) was shown for the purpose of 

comparison 
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5.3.5 Model Sensitivity 

As discussed above, a small background DOC concentration, consistent with site 

groundwater analyses, was assumed present in the injection fluid, serving as an 

electron donor to the dechlorinating populations. An alternative scenario, without 

injection of background DOC, was simulated to explore the importance of these 

dissolved fermentable substrates to model predictions (Figure 5.11 (k)-(o)). With 

no background influent DOC, significant breakthrough of TCE (0.15 mM at peak) 

was predicted in the effluent, beginning at day 93.7, in contrast to experimental 

observations, and transformation to TCE daughter products, particularly cis-DCE, 

was underpredicted. This model simulation resulted in much larger discrepancies 

with measured data, with changes in MREs of +117.4%, +12.8%, -11.5%, and +6.7% 

for TCE, cis-DCE, VC, and ethene compared with the base case, respectively. The 

alternative case, without the background DOC, underpredicted the extent of 

dechlorination with an average ratio of 0.81(±0.19). The prediction difference 

between the two models was more substantial at later times, with mean ratios of 

0.81and 0.45 during P3 and P4 for the alternative case, respectively (Figure 5.16). 

This comparison points to the importance of accounting for background DOC under 

electron donor-limited conditions. 

To further assess the influence of input parameters on model predictions of MRD, 

analyses were performed to examine simulation sensitivity to changes in Ὧ  and 

the non-attached-to-total cell ratio of Dhc, within the range of experimental 

variation. A set of three numerical simulations was conducted for the heterogeneous 

aquifer cell employing the three sets of Ὧ  parameters fitted to the triplicate 
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microcosm experiments (Table 5.2(a)) (Figure 5.17). Ratios of observed and 

modeled dechlorination extent decreased from 1.10 (±0.20), 0.92 (±0.10) to 0.80 

(±0.13) for the simulations based upon D2K-1, D2K-2 and D2K-3, respectively. 

This variation corresponded to the trends in Ὧ ȟ  and Ὧ ȟ  values (Table 

5.2(a)).  

A second set of three simulations was performed, varying the non-attached-to-total 

cell ratio of Dhc within the literature range (50%, 25% and 10%). This parameter 

directly affects the initial value of attached (active) biomass for the simulations.  

Ratios of observed and modeled dechlorination extent for these simulations were 

0.88(±0.09), 0.96(±0.15), and 1.26(±0.25), respectively (Figure 5.18), with the 

poorest results associated with a large value of initial active biomass. An 

examination of the effluent concentrations (Figure 5.18 (k)-(o)) shows that 

prediction accuracy was significantly impacted under high electron donor 

concentration conditions (after the lactate pulse). While the non-attached-to-total 

cell ratio is not readily quantifiable and could vary with organism growth state, 

these results demonstrate the importance of initial dechlorinating population 

quantification on prediction accuracy. The limited sensitivity analysis, however, 

suggests that local permeability variations have a much more substantial influence 

on dichlorination extent than uncertainty in microbial transformation rates or 

biomass estimates, particularly under electron-donor limited conditions. 
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Figure 5.17 Comparison of experimental measured and model simulated concentrations of TCE, cis-DCE, VC, ethene, and lactate in 

the aquifer effluent for three cases: 1) using the dechlorination rates fitted to D2K-1 (a)-(e); 2) using the dechlorination rates fitted to 

D2K-2 DOC (f)-(j); and 3) using the dechlorination rates fitted to D2K-2 (k)-(o). Data: TCE - Ǐ, cis-DCE - ö, VC - ƺ, Ethene - Ў, lactate 

- * ; Model: TCE - ñ ï  ò, cis-DCE - ñ--ò, VC - ñ-Ö-Ö-ò, Ethene - ñÖÖÖò, lactate - ñï ò. The two vertical lines represent the beginning and 

end of the lactate pulse injection. 
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Figure 5.18 Comparison of experimental measured and model simulated concentrations of TCE, cis-DCE, VC, ethene, and lactate in 

the aquifer effluent for three cases using the non-attached-to-all cell ratio: 1) 50% (a)-(e); 2) 25% (f)-(j); and 3) 10% (k)-(o). Data: TCE 

- Ǐ, cis-DCE - ö, VC - ƺ, Ethene - Ў, lactate - * ; Model: TCE - ñ ï  ò, cis-DCE - ñ--ò, VC - ñ-Ö-Ö-ò, Ethene - ñÖÖÖò, lactate - ñï ò. The two 

vertical lines represent the beginning and end of the lactate pulse injection. 
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 Conclusions 

A coupled experimental-modeling investigation was undertaken to examine MRD 

under field-relevant conditions, with limited electron donors and varying 

permeability and organic carbon. Despite the differences in physical scale, solid to 

liquid mass ratio, and flow conditions, model simulations employing measured 

microcosm parameters provided reasonable predictions for MRD in these more 

complex systems. Average MREs of 26.0%, were achieved, as long as local 

permeability variations were accounted for. Based upon this study, the following 

conclusions can be drawn: 

¶ The challenge to provide accurate prediction for a long term period. Model 

predicted errors compared with experimental measurements displayed large 

variance, changing with the time, location and components predicted. The 

model prediction to ports concentrations was sensitive to the fine-scale 

variations of physical, chemical and biological properties. 

¶ The trace amount of background electron donor, not detectable as VFAs, 

contributed to MRD in the aquifer cell, which further points to the 

importance of characterization of organic compounds that may serve as 

electron donors for MRD in natural groundwater and soil. 

¶ Multi -dimensional models with uniform properties, using microcosm 

dechlorination rates were unable to predict aquifer cell performance. The 

influence of permeability heterogeneity was more significant than chemical 

and microbial heterogeneity in this bench scale system with contrast 

permeability varying within a factor of 26. 
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¶ Mass stored in the low permeability regions can significantly influence the 

extent of dechlorination due to its ability to sustain electron donor by 

diffusion.  

¶ Heterogeneity in soil properties influences the complete dechlorination of 

TCE to ethene. Inclusion of heterogeneity in numerical modeling is crucial 

to predictive accuracy of reductive dechlorination. 
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Chapter 6 Modeling Microbial Reductive 

Dechlorination of TCE in a Field Treatment Test 

This chapter is modified based on a co-authored manuscript that is in preparation 

for submission. This study includes effort to demonstrate an MRD remediation 

design in a down-hole field treatment test. A three-dimensional numerical model 

was applied to design and simulate the performance of a field scale bioremediation 

test at the Commerce Street Superfund Site. Model dechlorination and microbial 

growth rates were derived from the aquifer cell experiment in Chapter 5 that was 

designed to mimic the field pilot test. The paper is co-authored with Dr. Jason P. 

Hnatko, Dr. Tian Tang, Mr. Liyang Chu, Mr. Jack L. Elsey, Dr. Masoud Arshadi, 

Dr. John A. Christ, Dr. Kurt D. Pennell, Dr. Linda M. Abriola, and Dr. Natalie L. 

Cápiro. The experimental data were collected by colleagues in the Cápiro and 

Pennell Lab at Tufts University. This chapter includes only those sections of the 

paper that relate to mathematical modeling. 

Title : Impact of residence time on extent of trichloroethene biodegradation and 

comparison of laboratory and field models 

Authors: Jason P. Hnatko, Lurong Yang, Tian Tang, Liyang Chu, Jack L. Elsey, 

Masoud Arshadi, John A. Christ, Kurt D. Pennell, Linda M. Abriola, and Natalie 

L. Cápiro 
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 Introduction  

Mathematical models are widely used to evaluate the transport and 

biotransformation (e.g., MRD) of chlorinated solvent plumes. Numerous efforts 

have been undertaken to develop models, analytical or numerical, to simulate the 

coupled processes of diffusion, sorption and biotransformation. Several commonly 

used analytical and numerical models have been presented and reviewed in section 

2.2.3. Analytical models are generally more attractive to practitioners due to their 

simplicity of application and ability to provide prompt results (e.g., Aziz et al., 2000; 

Falta, 2005). In their review of chlorinated solvent sites, McGuire et al., (2004) 

found that the analytical model BIOCHLOR (Aziz et al., 2000) was the most 

frequently used, accounting for 60% model applications. While providing quick 

assessments, analytical models are normally limited in applicability by their 

simplifying assumptions, e.g., zero or first order reaction, one-dimensional flow, 

and homogeneity etc. 

As has been reviewed in section 2.2.2, numerical models have been used by many 

researchers to conduct 3-d simulations accounting for transverse advective mass 

flux (Clement et al., 2000; Hammond et al., 2005; Kokkinaki, 2013; West, 2009). 

Many of these modeling studies have focused on prediction sensitivity to model 

parameters in hypothetical subsurface/source zone scenarios (Hammond et al., 

2005; Kokkinaki, 2013; West, 2009). Clement et al. (2000) used models to calibrate 

1st-order rate parameters for TCE, cis-DCE, VC and ethene to site data but failed 

to account for the complexity of microbiology. More realistic simulations need to 

account for complexity of both hydrogeology and biochemistry.  
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However, the level of details required to fully parameterize a model is usually 

lacking for many sites. The application of complex numerical model to the field 

requires specification of many input parameters, such as maximum utilization rates, 

biomass yield, bio decay, initial biomass, fermentation rates and inhibition 

constants (Christ and Abriola, 2007). Multidimensional-numerical modeling 

studies have often been parameterized with biotransformation rates from literature 

values (e.g., Clapp et al., 2004; Hammond et al., 2005; Kokkinaki, 2013; West, 

2009; Widdowson, 2004). Biotransformation rate parameters for the Monod 

kinetics reported in the literature have a very wide range of values and were 

developed in different experimental conditions (Chambon et al., 2013). For 

example, the maximum utilization rate of TCE varied by about six orders of 

magnitude ranging from 1.2e-13 ‘mol/( cellÅd) (Popat and Deshussess, 2011) to 

2.8 e-7 ‘mol/( cellÅd) (Haest et l., 2010(b)) in 22 reductive dechlorination 

experiments that was reviewed by Chambon et al. (2013). The application of 

literature values that were derived under a particular set of experimental conditions 

to a field site can introduce substantial uncertainty in model predictions. A better 

assessment of MRD modeling needs to be achieved by using kinetic rates measured 

in consistent microcosm-benchmark-field conditions, given the fact that little 

guidance is given about choosing literature values for field application.  

Contradictory conclusions about rate parameter upscaling have been obtained for 

1-D or 2-D transport models simulations using laboratory-derived rates from 

similar systems, as has been more thoroughly reviewed in section 2.2.2 and 5.1. 

Further, most studies (e.g., Chapelle and Lovley, 1990; Ding et al., 2017; Kang et 
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al., 2019; Phanikumar et al., 2005; Smith et al., 1996 and 2001; Langer et al., 1998) 

have determined that field-observed transformation rates were overestimated by up 

to several orders of magnitude when laboratory rate parameters were employed. 

Considering these inconsistencies, there is an urgent need for integrated modeling 

and experimental studies that explore the upscaling of biotransformation rates from 

microcosms (no flow) to bench scale (flow-through) to field systems (3-D, large 

domain).      

Hydraulic residence time has been recognized one of the important factors 

determining remediation efficiency of ISB (e.g., Adamson et al., 2011; Aulenta et 

al., 2006; Steffan and Schaefer, 2016). The effect of residence time on TCE 

dechlorination extent has been explored previously in laboratory studies (e.g., 

Amos et al., 2007(b); Chen et al, 2013; Haest et al., 2011). However, this effect has 

not been widely studied in field models due to use of homogeneous domains and 

insufficient information of fine-scale variations of permeability. The modeling 

results in Chapter 5 for a layered system indicated that low flow/long residence 

time regions were associated with a higher extent of dechlorination.  

Effective reagent (i.e., substrate) delivery is challenging for subsurface 

bioremediation (Stroo and Ward, 2010). Due to subsurface heterogeneity, it is 

impossible to achieve complete mixing without mixing ex situ and recirculating, 

and substrate losses can occur due to diffusion into low permeability zones 

(Kitanidis and McCarty, 2010). Improvement of delivery can be achieved by 

intermittent or long-term injection (USEPA, 2013). However, the effect of delivery 

strategy on remediation performance has seldom been modeled. To date, there has 
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only ben one study (West, 2009) using a sophisticated numerical model to simulate 

the effect of substrate injection on source mass removal. The study concluded that 

discontinuing substrate injections may cause parent concentration rebound because 

of scarcity of substates. However, the extent of dechlorination was not assessed in 

this study. 

In this chapter, the microcosm-derived and aquifer cell-calibrated dechlorination 

kinetic model described in Chapter 5 is integrated into the modified simulator, 

MT3DMS, to provide a reactive transport model that can simulate bioremediation 

in a down-hole bioremediation treatment test. Simulation results were compared 

with field measurements of VOCs and VFA concentrations and biomass abundance 

to evaluate model predictive performance. The impact of flow residence time and 

substrate delivery strategy are also explored, providing insight for field remediation 

design.  

 Methodology 

6.2.1 Field Treatment Test  

The Commerce Street Superfund Site (Williston, VT) is located at the Alling 

Industrial Park (Figure 6.1). Previous investigations showed that the site is 

relatively homogeneous but with some fining with depth (Abriola et al., 2019). A 

clay confining layer underlies the contaminated sand unit. The regional 

groundwater flows from the northern part of the site towards the southeast. 

Contaminant sources include plating rinse water, sludge wastes and disposed 

solvents from a twenty-four year period (1960 to 1984). Prior to installment of the 
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down-hole treatment test, site investigations revealed that the primary contaminant 

at the treatment area is cis-DCE (up to 0.17 mM) with trace levels of TCE.  

A treatment transect was chosen downgradient of the source zone. Four wells were 

installed within the treatment area including two continuous multichannel tubing 

(CMT) multilevel wells (CMT-6 and CMT-1) and two monitoring wells (DHT-1 

and DHT-2). Consistent with the  the second aquifer cell experiment presented in 

Chapter 5, the pilot test consisted primarily of a recirculation phase between DHT-

1 and DHT-2 to create a favorable environment for microbial growth, followed by 

a long-term monitoring phase, during which groundwater was pumped from CMT-

1 at 6 screened intervals (6.25-6.40, 7.92-8.08, 8.84-8.99, 9.60-9.75, 10.4-10.5, and 

11.1-11.3 m below ground surface (bgs)) to facilitate transport of chemicals into 

the treatment zone between DHT-1 and DHT-2. Two pulses of lactate were injected 

from DHT-1 at the 10.1-10.7 m bgs interval during the monitoring phase. The first 

pulse of 75 L of 13.1 mM lactate was injected at 3.7 mL/min for 15 days; The 

second pulse of 75 L of 37 mM lactate was injected at 2.4 mL/min for 24 days. The 

groundwater residence time within the treatment zone was increased to 21 days 

during the second pulse period beginning 17 days after the first lactate pulse. VOCs 

and VFAs from DHT-1 and DHT-2 were collected and analyzed in the Cápiro Lab 

to compare the MRD under different flow residence times. Operation parameters 

are listed in Table 6.1. Details pertaining to the experimental materials and analysis 

methods can be found in the project report (Abriola et al., 2019) and will be left for 

the paper and dissertations of group members in the Cápiro Lab. 
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Figure 6.1. Location of Commerce Street Site and the treatment transect with four 

installed well, including CMT-6, DHT-1, DHT-2 and CMT-1
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Table 6.1 Field treatment test operations for (a) recirculation period and (b) long-term monitoring period 

(a) Recirculation 

  bromide tracer lactate recirculation bioaugmentation lactate/biomass recirculation 

 Recirculation 

Start date  7/11/2017 7/6/2017 7/13/2017 7/13/2017 

End date  7/13/2017 7/27/2017 7/13/2017 7/27/2017 

Porewater 

velocity 
(cm/d) 14.3 14.3 14.3 7.15 

Residence 

time 
(days) 7 7 7 14 

Injections  
10 mM bromide; 5mM 

Lactate; 0.85 g/L KB-1 

Primer ® 

5 mM lactate; 0.85 

g/L KB-1 Primer ® 

1.5 L of KB-1 

innoculum ® (SiREM; 

Guelph, ON) 

5 mM lactate; 0.85 g/L KB-

1 Primer ® 
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(b) Long-term monitoring 

 Unit 

long-term 

monitoring, 

1st period, 

DHT-4 

long-term 

monitoring, 

1st period, 

CMT-1 

1st lactate 

pulse 

long-term 

monitoring, 

2nd period 

1st half of the 

2nd lactate 

pulse 

2nd half of 

the 2nd 

lactate pulse 

long-term 

monitoring, 

3rd period 

Modeled 

period 
- - Long term monitoring 

Phase 

compared 
- - P1 P2 

Start date - 7/27/2017 8/15/2017 8/29/2017 9/13/2017 9/30/2017 10/16/2017 10/23/2017 

End date - 8/15/2017 8/29/2017 9/13/2017 9/30/2017 10/16/2017 10/23/2017 11/16/2017 

Duration (days) - 14 15 17 16 7 24 

Eclipsed 

timea 
(days) - 14 29 46 62 69 93 

Pumping 

rate 
- <385 mL/min 385 mL/min 385 mL/min 385 mL/min 385 mL/min 292 mL/min 292 mL/min 

Porewater 

velocity 
(cm/d) - 7.15 7.15 7.15 >4.76 & <7.15 4.76 

Residence 

time 
(days) 14 >14 & <21 21 

Injections - - - 

1 pulse of 

13.1 mM 

lactate, 75 L  

- 
1 pulse of 37 mM lactate, 75 

L 
- 

a. Beginning on 8/15/2017.  
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6.2.2 Numerical Modeling 

Numerical simulations of the transport and bioremediation in the field-scale 

biotransformation treatment study was conducted by using a newly modified 

version of the modular three-dimensional multispecies transport simulator 

MT3DMS, which has been calibrated to one portion (day 55 to day 113) of the 

aquifer cell biodechlorination experiment in Chapter 5. The model was used to 

simulate a total of 93 days (8/15/2017 to 11/16/2017) during the post-bio-

recirculation portion of the field scale biotransformation study (Table 6.1(b)). 

Recall that the treatment test comprised a bio-recirculation phase and a long-term 

monitoring phase. The recirculation phase was designed to create the active 

treatment zone. The latter one was of main interest and selected to simulate. The 

transport model and model parameterization were briefly described in the following 

sections. Detailed information about modeling equations, parameters definitions 

and model implementations can be found in Chapter 5. 

6.2.2.1 Reginal Groundwater Flow Modeling 

A site groundwater flow model was originally developed based on site data using 

Visual MODFLOW Flex (Waterloo Hydrogeologic) by members of the Abriola 

Group. A brief description was provided here as the groundwater flow and the 

domain were later extracted and used in the site reactive transport model. This 

model was constructed in a considerably large domain in order to capture the 

regional flow patterns and sink and source features such as the surface recharge, 

river discharge and intermittent sump pump discharge. The topographical and 

geophysical data from surveys were used to prescribe the model surface layer and 
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bottom layer (Figure 6.2). At this stage in the modeling work, in the absence of 

more detailed core and statistical analyses, a mean value of the previously measured 

horizontal hydraulic conductivities (from site slug tests, Abriola et al. (2019)) was 

used within the aquifer. The simulated groundwater elevation contours exhibited 

close agreement with interpolated groundwater levels based on measurements from 

well observations, yielding a normalized root mean squared error <6% (Figure 6.3).  

Two refined regional flow models were constructed to take into consideration of 

more detailed core data from CMT and DHT wells that was obtained later. In the 

first refined regional groundwater flow model (GWMOD-v1), the stratified 

permeability (ñEstimated Hydraulic Conductivityò in Table 6.2) was estimated 

based on laboratory measured grain size for samples from soil borings of CMT-1, 

CMT-5, DHT-1, and DHT-2, employing permeability-grain size models 

(Krumbein and Monk (1943) for sandy materials; Jabro (1992) for silty sand and 

clay). A second version of refined groundwater flow model (GWMOD-v2) was ran 

based on the ñCombined Hydraulic Conductivityò (Table 6.2) which was obtained 

by replacing the ñEstimated Hydraulic Conductivityò at depths of 9.6 m to 10.7 m 

with those calibrated to the tracer experiment in the aquifer cell (Chapter 5). The 

flow field generated by GWMOD-v1 and -v2 were extracted and used in the field 

transport model.  
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Figure 6.2 Conceptual model of the Commerce Street Site showing the top and 

bottom layer formation 

 

Figure 6.3 Validations of the simulated groundwater elevation contours compared 

with interpolated groundwater elevation contours based on well observations in 

2014 

N
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6.2.2.2 General Equations for Solute Reactive Transport 

The updated MT3DMS simulator modified and validated in Chapter 5 was used 

here to model MRD and reactive transport in the field test. The model assumptions 

and governing equations are briefly reviewed below as no further changes were 

made to the version of simulator in Chapter 5. Detailed information about modeling 

equations and parameters definitions and model implementations can be found in 

Chapter 5. 

This model assumed that the dechlorinating microbial populations were attached 

and can access the bulk phase concentration (substrate and chlorinated ethenes) 

directly with negligible diffusional resistances. The clogging caused by microbial 

growth was assumed to be negligible under low substrate and conditions and low. 

The governing equation for the reactive transport of aqueous components in the 

modified simulator is given as,  

‬

‬ὸ
‰ὅ ♩Ͻ‰ὅ○ ♩Ͻ‰╓ Ͻ♩ὅ Ὁ Ὑ  (6.1) 

The model simulates the advective, dispersive, and diffusive transport of TCE, cis-

DCE, VC, ethene, hydrogen and lactate, as well as well as the growth and decay of 

three microbial populations that can carry out biotransformation of TCE to cis-DCE 

(e.g., Dhc) and cis-DCE to ethene (e.g., Geo), and fermentation of lactate 

(fermenters). Other electron donor consumption processes carried out by 

methanogens and iron/sulfate reducers were not simulated in this model consistent 

with observations in the bench scale experiment in Chapter 5. The simulation of 

kinetic biotransformation was implemented by a dual Monod model:  
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ὶ

Ὧ ȟὅὢ

ὑȟ ὅ

ὅ ὅȟȟ

ὑȟȟ ὅ ὅȟȟ
ȟ ὅ  ὅȟȟ

πȟ ὅ   ὅȟȟ

 (6.2) 

6.2.2.3 Transport  Model Parameters 

The computational domain, with dimensions of 2.5 m (width) × 2 m (length) × 5.3 

m (height), and its associated flow field for the transport simulations was extracted 

from depth of 7.92 to 13.2 m  of the refined regional flow models (Layer 10 to 35 

of GWMOD-v1 and-v2, Table 6.2) to encompass the treatment zone and the DHT 

wells where observations of VFA and VOC concentrations were measured. A 

spatial discretization of 0.07858 m (width) × 0.07877 m (length) × 0.15 m (height), 

adopted from the model GWMOD, was used throughout the transport domain, 

except for the top and bottom layers. Those layers were discretized vertically into 

grid sizes of 0.6096 m and 1 m. The flow in the treatment zone (between DHT-1 

and DHT-2) during the long-term monitoring phase were driven by pumping in the 

downgradient CMT 1 well which was not included in the transport model domain. 

Examination of the simulated flow field in the treatment zone area (Figure 6.4) 

showed that mass flux across the boundaries of the transport model domain defined 

above was unlikely to influence concentrations in the DHT wells. Thus, the domain 

size was considered sufficient to capture the plume between two DHT wells. 
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Table 6.2 Estimated and lab-calibrated hydraulic conductivities used in field groundwater models. 

The depth where hydraulic conductivity was calibrated in the aquifer cell (Chapter 5) are in bold 

Depth bgs (m) 

Layer Number 

in Groundwater 

Model 

Estimated 

Hydraulic 

Conductivity (m/d) 

Combined 

Hydraulic 

Conductivity (m/d) 

Layer 

Number in 

Transport 

Model 

0.00-3.05 1 3.45 3.45 

Not Modeled 

3.05-3.66 2 5.67 5.67 

3.66-4.27 3 7.55 7.55 

4.27-4.88 4 4.42 4.42 

4.88-5.49 5 1.15 1.15 

5.49-6.10 6 1.23 1.23 

6.10-6.71 7 1.22 1.22 

6.71-7.32 8 1.04 1.04 

7.32-7.92 9 2.14 2.14 

7.92-8.53 10 0.50 0.50 1 

8.53-8.69 11 0.69 0.69 2 

8.69-8.84 12 0.69 0.69 3 

8.84-8.99 13 0.69 0.69 4 

8.99-9.14 14 0.69 0.69 5 

9.14-9.30 15 0.81 0.81 6 

9.30-9.45 16 0.81 0.81 7 

9.45-9.60 17 0.81 0.81 8 

9.60-9.75 18 0.39 0.59 9 

9.75-9.91 19 0.39 0.3 10 

9.91-10.1 20 0.40 0.75 11 

10.1-10.2 21 0.36 1.18 12 

10.2-10.4 22 0.36 1.42 13 

10.4-10.5 23 0.28 0.35 14 

10.5-10.7 24 0.28 0.75  15 

10.7-10.8 25 0.23 0.23 16 

10.8-11.0 26 0.23 0.23 17 

11.0-11.1 27 0.20 0.20 18 

11.1-11.3 28 0.20 0.20 19 

11.3-11.4 29 0.23 0.23 20 

11.4-11.6 30 0.23 0.23 21 

11.6-11.7 31 0.23 0.23 22 

11.7-11.9 32 0.23 0.23 23 
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Table 6.2 (continued) 

Depth bgs (m) 

Layer Number 

in Groundwater 

Model 

Estimated 

Hydraulic 

Conductivity (m/d) 

Combined 

Hydraulic 

Conductivity (m/d) 

Layer 

Number in 

Transport 

Model 

11.9-12.0 33 0.23 0.23 24 

12.0-12.2 34 0.23 0.23 25 

12.2-bottom 35 0.13 0.13 26 
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Figure 6.4 Plan view (a) and vertical cross-sectional view (b) of the streamlines 

around DHT-1 and DHT-2 when pumping at CMT 1 

 

Based on observations of VOCs from an upgradient well (CMT 6), constant 

concentration sources of cis-DCE and TCE were imposed along on the upstream 

influent boundaries. The influent concentrations corresponding to each layer were 

interpolated linearly based on the concentrations measured at four levels of the 

CMT 6 well (Table 6.3 (a)). The interpolated influent concentrations for each layer 

(óLayer Number in Transport Modelò, Table 6.2) were shown in Figure 6.5. Influent 
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concentrations for VC, ethene and lactate are considered negligible as their 

measurements were below the detectable. 

 

 

Figure 6.5 Interpolated influent TCE (a) and cis-DCE (b) concentrations at different 

layers based on VOCs measurements in upgradient CMT 6 well 
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Table 6.3 Model input parameters: (a) concentrations (mM) measured in wells and 

(b) Rate parameters derived from microcosm experiments and used in the Monod 

kinetic model for field simulations.  

(a) 

Depth (bgs), 

(m) 

Transport 

Model Depth 

(bgs), (m) 

Ethene 

(mM) 

Vinyl 

chloride 

(mM) 

cis-DCE 

(mM) 

TCE 

(mM) 

7.9-8.5 0-0.6 0.000 0.000 0.259 0.005 

8.8-9.0 0.9-1.1 0.000 0.000 0.262 0.078 

9.6-9.8 1.6-1.8 0.000 0.000 0.142 0.077 

11.1-11.3 3.2-3.4 0.000 0.000 0.024 0.000 

 

(b) 

Parameter 
Microcosm 

(20-23°C) 

Fielda 

(16-18°C) 

Ὧ ȟ (‘mol/(mg cell*d)) 

TCE 670 415 

Cis-DCE 737 516 

VC 387 259 

Lactate 135 84 
a Estimated based on studies by Friis et al, 2007. 
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Measurements of VOCs and total VFAs in the DHT wells exhibited a decreasing 

trend for both cis-DCE and total VFAs between DHT-1 and DHT-2 (Table 6.4), 

suggesting transformation of cis-DCE by MRD between these wells. Thus, uniform 

VOCs, VFAs and biomass concentrations were inappropriate to use as initial 

conditions for the model. To guide establishment of a realistic set of initial 

conditions, a nonreactive tracer simulation was conducted to create a 3-D 

concentration distribution that was consistent with the hydraulic conductivity field. 

Resultant concentration values were then scaled by different ratios to match 

measurements of VOCs, VFAs and Dhc in the DHT wells (Figure 6.6(a)). 

Background concentrations that matched influent concentrations were assigned to 

domain areas outside of the treatment zone. The resultant estimated initial 

concentration distributions are presented in Figure 6.6(b). Due to a lack of 

information on biomass concentrations, the initial biomass concentrations of Geo 

and fermenters were assumed to be the same as Dhc. A batch study on the microbial 

dynamics of a similar TCE-enriched mixed microbial culture (Duhamel and 

Edwards, 2007) also observed that the relative abundance for the three populations 

were comparable. 
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Table 6.4 Measurements of VOCs, VFA and Dhc in DHT-1 and DHT-2 used for 

estimation of initial concentration distribution in the transport model. Note, the Dhc 

concentration on 08/15/2017 was linearly interpolated by using measurements on 

two most available dates. 

Component 
Location 

Date 
DHT-1 DHT-2 

cis-DCE (mM) 0.166 0.085 8/15/2017 

VC (mM) 0.003 0.015 8/15/2017 

Ethene (mM) 0.004 0.006 8/15/2017 

VFAs (mM) 11.07 1.32 8/15/2017 

Dhc (cells/mL) 1.8E+05 2.7E+03 7/28/2017 

Dhc (cells/mL) 5.0E+05 5.1E+05 8/29/2017 
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Figure 6.6 Estimated initial concentrations of TCE, cis-DCE, VC, ethene, lactate and Dhc in side view for the treatment zone area (a) 

and a plane view for the center layers (b) 
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A longitudinal dispersivity of 0.01 m, a horizontal transverse dispersivity of 0.001 

m and a vertical transverse dispersivity of 0.0001 m were employed following pre-

simulations that were used to design the pumping rate (not shown here). These 

values are on the lower end of the range of literature values for field dispersion 

reviewed by Gelhar et al. (1992), and consistent with the small size and fine 

discretization of the model domain. A uniform porosity of 0.4 was assigned, except 

for the bottom layer (below the depth of 12.2 m), which was given a porosity of 

0.56, matching the calibrated porosity in the aquifer cell model in Chapter 5. A 

linear local equilibrium sorption model was assumed and distribution coefficients 

(ὑȟ ) of 0.12 L/kg and 0.35 L/kg were assigned for the upper layers (7.92-12.2 

m bgs) and bottom clay (12.2 m-bottom), respectively, consistent with laboratory 

sorption isotherm experiments (Gaeth, 2017). The aquifer cell calibrated Ὧ ȟ 

rates in Chapter 5 were used in the field model (Table 6.3(b)). To account for the 

change of temperature, those rates were reduced by 30%-38% based on a laboratory 

study of temperature dependence of dechlorination rates of TCE in the KB-1® 

culture (Friis et al., 2007). The model parameterization of chemical component 

properties, sorption, biotransformation, nonattached-to-total biomass ratio are the 

same as the aquifer cell study in Chapter 5 as these studies are comparable in terms 

of size of the treatment zone, soil materials, operating procedure, inoculated 

microbes and injected substrate. 

Two metrics were used to evaluate quality of model predictions using experimental 

data, following those presented in Chapter 5. The first is the mean relative error in 

concentration, defined as, ὓὙὉ В ὅ ȟ ὅ ȟȾ
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ὅ ȟȾὔ  ρππϷ . The second is the extent of dichlorination (EoD) = 

ὅ ςὅ  Ⱦ ςὅ ςὅ ςὅ  ]. Note that this equation 

does not include TCE; based upon its low concentration the influence of TCE was 

assumed to be negligible. 

 Results and Discussion 

6.3.1 MRD in Monitoring Wells  

A comparison of field measurements and model simulated VOC concentrations in 

the DHT wells is shown in Figure 6.7. Here, day 0 is the beginning of the long-term 

monitoring phase when groundwater was pumped from CMT-1. The flow rate was 

reduced during the second period P2 (day 46 to day 93, Table 6.1 (b)). Here the 

model employed the groundwater flow field simulated by GWMOD-v2. An 

alternative simulation was also conducted using the flow field simulated by 

GWMOD-v1. Comparison of these simulations and implications are discussed 

below. 

Model predictions by using GWMOD-v2 showed relatively good agreement with 

the experimental VOC data in DHT-1, except for the predicted TCE concentrations. 

TCE breakthrough was predicted at the end of each of the three flushing periods, 

peaking at concentrations of 0.014 mM, 0.034 mM and 0.037 mM, respectively, 

while no breakthrough was measured in the field. This discrepancy may be 

attributed to discrepancies in the predicted versus measured availability of electron 

donors. The numerical model predicted early depletion of lactate (<0.28 mM, the 

minimum lactate concentration measured) in DHT-1 at days 10, 37 and 72, such 
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that dechlorination at later times could not be sustained (Figure 6.8). This prediction 

of more rapid fermentation than was measured is likely related to the lack of data 

available to estimate initial fermenter biomass concentration and distribution. The 

model prediction yielded ὓὙὉί of 14%, 211% and 50% for cis-DCE, VC and 

ethene in DHT-1, respectively. Here the larger MRE values  for VC and ethene are 

attributed to the small value of the denominator  (ὅ ȟ ÉÎ the MRE 

equation. 

The model prediction matched the trend of the measured VOC data in DHT-2, 

showing more dechlorination during the second period with a slower extraction rate 

(Figure 6.7). The predicted ὓὙὉί for cis-DCE, VC and ethene were 45%, 34% and 

344% for the first period (day 0 to day 46), and 31%, 57% and 23% for the second 

period. Although prediction error for cis-DCE and VC did not change significantly 

with extraction rate (within an average factor of 1.7), the error for ethene was 

reduced by a factor of 15. A comparison of the extent of dichlorination was also 

undertaken. The ratio EoDmodel/EoDdata was calculated for DHT-2 data, yielding 

mean values of 2.67 and 0.96 for P1 and P2, respectively. These results indicate that 

the model adequately predicted the extend of dechlorination for P2 but 

overpredicted dechlorination for P1. In a modeling study of MRD in columns, Haest 

et al. (2010) observed that errors in biomass concentrations in the model had a 

larger impact on the accuracy of model predictions under high flow conditions (12 

cm/day) than at low flow conditions (3 cm/day). They attributed this effect to the 

shorter residence time at the high flow rate and the associated presence of sharp 

spatial gradients in microbial numbers. It is possible that the same effects were 
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observed in the present study, implying that the initial biomass in the treatment 

zone may have been overestimated. Furthermore, a rate limitation in biomass 

uptake of electron donor/acceptors at higher velocities might also contribute to the 

greater prediction errors but the model could not capture this effect. Competition 

for electron donor from other redox processes might also contribute to the smaller 

dechlorination extent during the fast flow period. The availability of the electron 

donor to MRD might increase during the slow flow period due to a decrease in mass 

transfer limitations. A similar trend was observed for predicted VFAs in DHT-2, 

with depletion being overpredicted in comparison with the measurements. Again, 

this behavior may be attributed to an overestimation of initial (fermenter) biomass 

concentrations. 

Model predictions for Dhc abundance are compared to biomass measurements in 

Figure 6.9. The model predictions captured the patterns of microbial growth of Dhc 

in DHT-2; Predicted concentrations are within a factor of 7.3 of measured values. 

Sung et al. (2006) found that influence of estimated growth yield can vary by up to 

one order of magnitude due to different DNA extraction procedures. If a similar 

measurement precision is applied here, the model prediction of Dhc in DHT-2 can 

be considered good. The model was unable to capture the trend of increasing Dhc 

abundance with time in DHT-1. At the end of experiment (day 92), Dhc abundance 

was underpredicted by two orders of magnitude at late times, suggesting predicted 

slow growth or fast decay in the DHT-1. Note that this trend coincides with the 

predicted early depletion of VFA in DHT 1 (Fiugre 6.8). A lack of substrate may 

result in predicted decreasing trend of Dhc at late time.   
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Figure 6.7 Comparison of measured and simulated concentrations of TCE, cis-DCE, VC, ethene, in DHT-1 and DHT-2. Data: TCE - Ǐ, 

cis-DCE - ö, VC - ƺ, Ethene - Ў, lactate - *; Model: TCE - ñ ï  ò, cis-DCE - ñ- -ò, VC - ñ-Ö-Ö-ò, Ethene - ñÖÖÖò, lactate - ñï ò. The vertical 

lines in each panel represent, from left to right: 1. Beginning of the first lactate pulse; 2. End of the first lactate pulse; 3. Beginning of 

the second lactate pulse; and 4. End of the second lactate pulse.




































































