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Abstract

Objective. The objective of this project was to develop and test a methodology to periodically
assess and optimize remediation and monitoring strategies at US Department of Defense (DoD)
dense nonaqueous phase (DNAPL) contaminated sites with remedies in place (RIP). Methods were
developed to model cost and performance of source zone and dissolved plume remediation
technologies—including thermal treatment, chemical oxidation, enhanced bioremediation, and
reactive barriers—and to optimize system operation and monitoring to meet user-defined cleanup
criteria with minimum life-cycle cost, considering uncertainty in performance predictions using a
stochastic optimization approach. Physical, chemical and biological processes expected to
significantly affect performance are incorporated in the model, including effects of back-diffusion
from low permeability zones, such as clay layers or matrix zones in fractured rock.

Technical Approach. The capability of the Stochastic Cost Optimization Toolkit (SCOToolkKit)
developed under previous DoD funding was greatly extended in this project. The previous 2D
contaminant transport model was rewritten simulate 3D transport with steady-state groundwater
flow along linear or curvilinear streamlines with multiple DNAPL sources. A rigorous solution for
resident and flux concentrations was derived and implemented that prevents physically-impossible
counter-flow dispersion (which most solutions allow). In conjunction with an upscaled dispersion
model, the solution enables efficient simulation of transport in dual-porosity media and associated
back-diffusion phenomena.

Performance and cost functions were developed and stringently tested for thermal source reduction
(TSR), source zone in situ chemical oxidation (ISCO), enhanced source zone mass transfer, and
enhanced dissolved plume bioremediation involving electron donor injection in multiple galleries.
Multiple remediation technologies may be operated concurrently or serially.

Site-wide no-further-action decisions are based on statistical criteria applied to compliance well
data. For example, annual average concentrations must be less than a specified probability upper
confidence limit of current concentration based on an N-year regression. Termination criteria for
individual remediation system components are based on component-specific performance
monitoring data. For example, individual injection galleries may be shut off when the contaminant
concentration is less than a value that is optimized to meet compliance criteria with minimum cost.

Source zone TSR termination decisions are commonly predicated on soil sampling data and ISCO
on dissolved concentration data. We developed and tested a method for estimating average soil
concentration during thermal treatment from mass recovery measurements, which was found to be
more reliable and less costly than soil sampling. Incorporating soil sampling during ISCO was
found to reduce errors associated with slow rebound of groundwater concentrations after treatment
termination.

These source zone performance monitoring options were incorporated into SCOToolkit, which
also allows source regions to be divided into treatment zones (e.g., with different estimated levels
of contamination) and subdivided further into monitoring zones (e.g., for soil or water sampling,
cumulative mass recovery for thermal treatment). Statistical criteria were developed to allow
termination of individual monitoring zones, treatment zones, or the entire system with equal
decision reliability at all scales. SCOToolkit includes an inverse solution to obtain best estimates
of model parameters and their uncertainty using available field and lab data as well as prior
estimates of parameters and their uncertainty. A stochastic optimization technique is used to



determine optimum operational and monitoring variables to minimize the expected costs over
multiple realizations of uncertain parameters and measurements.

Protocols were developed and implemented to periodically refine model calibration taking into
consideration new data from monitoring, to assess the probability of the current operations to meet
cleanup objectives, and to reoptimize (or redesign if necessary) remediation and monitoring
variables to minimize expected cost-to-complete taking into consideration performance and cost
uncertainty. Because prediction uncertainty generally decreases as additional data is used for
calibration, predictions become more accurate and less overdesign is required to compensate for
uncertainty. The SCOToolkit package also includes a number of Excel-based tools to pre-process
data for input into calibration and optimization modules, as well as to analyze performance
monitoring data to make real-time termination decisions based on the multi-scale statistical
decision protocol.

Results. Case studies on hypothetical and field sites demonstrated that incremental re-optimization
can greatly improve the likelihood of meeting remediation criteria within a target timeframe while
reducing the expected cost by 10 to 20% or more over conventional approaches. Optimization of
performance monitoring parameters (e.g., termination criteria, number of treatment zones and
monitoring zones, type and number of samples per monitoring zone) was observed to reduce
expected (probability-weighted average) cost-to-complete by 5 to 15% and to reduce 95% upper
confidence limits of cost by up to 30% compared to conventional approaches.

Dividing thermal treatment areas into multiple zones with different soil concentration ranges and
allowing individual zones to terminate early when local statistical criteria were met achieved site-
wide criteria with 6% lower expected costs than a single zone. Optimizing confidence limit
probability, local-scale cleanup level, and number of monitoring zones per treatment zone with
three treatment zones, using mass recovery data instead of soil data, achieved an additional 10%
cost reduction.

If confirmation of mass recovery-based results with soil sample data is desired or required,
delaying each local termination decision until confirmed by soil sampling will increase cost.
Therefore, if confirmatory soil sampling is required, we recommend waiting until all heating units
have been stopped based on mass recovery data before performing site-wide soil sampling.

An optimized example problem using mass recovery data to make thermal termination decisions
had a 16% lower expected cost than using soil concentration data following typical industry
practice, while the 95% upper confidence limit of cost was 28% lower. Thus, the proposed
methodology not only yields expected cost savings, but also sharply reduces worst case cost
overruns.

Using multiple zones that are allowed to terminate independently based on statistical criteria
provided similar cost savings for ISCO. Optimization of injected oxidant concentrations, treatment
zone-level cleanup criteria, reinjection criteria, and performance monitoring variables yielded a
failure-adjusted expected cost for an example problem 11% lower than a non-optimized case
approximating best engineering practice. Furthermore, the cost probability distribution for the
optimized design eliminated positive skew evident in the “best practice” case such that the worst
case cost for the optimized design was 14% lower than that for the non-optimized design.

Following thermal treatment of three identified sources at Joint Base Lewis McChord in
Washington State, SCOToolkit identified a fourth DNAPL source that had not been located during



site characterization studies. Stochastic optimization with interim calibration results did not favor
undertaking thermal treatment of the fourth source. Final calibration results indicated that this
decision resulted in an undiscounted cost savings equal to 46% of the total cost.

At Dover AFB in Delaware, an incremental stochastic optimization protocol yielded an
expected cost savings of 29% with an 18-20 year earlier expected time-to-complete.

Optimization of an ISCO system at an Atlas missile site in Colorado indicated that increasing
injected oxidant concentrations and the duration of annual oxidant injection periods predicted a
decrease in the expected operating cost by 24% with a 90% probability of meeting the NFA date.

Benefits. Although most DoD sites have or should soon have remedial action plans in progress,
many will not achieve regulatory closure quickly. Some planned remedies will likely not perform
as expected and will require modification or, in some cases, implementation of a different remedial
action plan. This project provides tools to periodically assess remediation performance, identify
and rectify problems, and optimize remediation operations and monitoring to minimize life cycle
costs while meeting remediation objectives. By explicitly optimizing operations to minimize
probability-weighted cost-to-complete taking into account uncertainty in site characterization,
model predictions, and remediation technology performance, as well as measurement "noise,"
numerous nonlinear interactions and tradeoffs are taken into account that conventional approaches
would never consider. Results indicate that average savings in cost-to-complete across all sites of
10% to 30% can be readily achieved along with substantial decreases in remediation duration.



SCOToolkit Disclaimer and Terms of Use

The program SCOToolkit, including various accessory Excel worksheets is provided the User “as
is” without warranty, implied or otherwise on the following terms and conditions:

1. The University of Tennessee, Cleveland State University, Stanford University, and the U.S.
Department of Defense (hereafter, the “Developers”) make no warranty of any kind, express
or implied, with respect to the subject software products, and specifically make no warranty
that said products shall be fit for any particular application. Furthermore, any description of
said products shall not be deemed to create an express warranty that such products shall
conform to the description.

2. The User assumes all risk and liability for loss, damage, claims or expense resulting from use,
possession or resale of any of software products delivered subject to this agreement.

3. The User agrees to indemnify, defend and hold harmless the Developers and their agents and
employees from and against any and all claims, liability, loss, damage or expense, including
reasonable attorney's fees, arising from or by reason of receiver's use, possession or resale with
respect to any of the software products furnished by the Developers pursuant to this agreement
and such obligation shall survive acceptance of said products therefore by receiver.

4. This agreement constitutes the complete and final agreement of the parties hereto.
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1. Introduction

1.1 Background

There are more than 50,000 sites in the U.S. with contaminated groundwater, roughly half of which
involve chlorinated solvents or other DNAPLSs (Siegrist et al. 2006). Subsurface DNAPLSs result
in persistent long-term sources of groundwater contamination unless a very large fraction can be
removed (Cohen and Mercer 1993, NRC 1994, Chapelle et al. 2003). Unfortunately, it is difficult
and costly to reliably delineate the distribution of DNAPL in the subsurface prior to treatment, and
source treatment costs per unit soil or aquifer volume are frequently high, resulting in a steep
tradeoff between cost and probability of successful source remediation. Numerous other tradeoffs
exist, such as between costs for aggressive source reduction strategies that (hopefully) decrease
the time to reach regulatory compliance versus lower annual operating costs for less aggressive
strategies that must be maintained for a much longer period. Most tradeoffs are neither binary nor
linear, but rather involve nonlinear interactions of numerous natural and engineering variables. It
is virtually impossible to optimize the cost performance of a system involving interactions of a
complex engineered system with an even more complex, and imperfectly understood, natural
system by conventional deterministic engineering methods.

The first efforts to develop methods to rigorously optimize groundwater remediation systems were
reported by Gorelick et al. (1984), who linked a simulation model with a nonlinear optimization
method to achieve plume containment while minimizing pump and treat operating costs.
McKinney and Lin (1996) argued for incorporating fixed as well as operating costs, leading to
solutions with fewer wells and higher pumping rates. Regulatory compliance criteria have been
variously treated as optimization constraints (Wagner and Gorelick 1989, McKinney and Lin
1996), as a “penalty cost” for noncompliance (Rizzo and Dougherty 1996, Chan-Hilton and Culver
2005), or as a component in multi-objective programming (Erickson et al. 2002).

More recently, Teutsch et al. (2001) emphasized the need to combine physically based simulation
models and economic models for quantitative decision-making. Minsker et al. (2003 and 2004)
coupled global optimization methods (e.g., genetic algorithms) and groundwater transport models
to evaluate cost-effective pumping strategies for existing pump and treat systems at DoD facilities.
They demonstrated the proposed method could substantially reduce life cycle costs with range of
uncertainty, compared to conventional trial and error methods. Becker et al. (2006) reported that
simulation-optimization methods were able to identify solutions that cost 5% to 50% less than
trial-and-error results, translating to cost savings of $600K to $10M for the sites studied. Abriola
et al. (2008) developed an optimization tool to compare costs and benefits of several source zone
treatment technologies in conjunction with post-treatment MNA. Liang et al. (2010) developed a
probabilistic optimization framework to evaluate cost, source treatment performance, plume
management, and risk, incorporating uncertainty in the decision process.

The design and operation of remediation systems is to a great degree a problem of managing
uncertainty. Due to large uncertainties in source mass, aquifer properties, and many other
variables, conventional remediation designs based on best estimates of system properties are likely
to exhibit a high probability of failure to meet compliance requirements (Parker et al. 2010a), or
overshoot expected budget or schedule based on unanticipated site conditions. On the other hand,
designing for "worst case” parameters will lead to excessive cost. Stochastic optimization is the
only means capable of taking into consideration the complex nonlinear interactions among
uncertain physical properties, design variables, and compliance criteria.
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In a previous project (SERDP ER-1611), we developed an integrated methodology for DNAPL
site remedial design optimization using source zone electrical resistance heating (ERH), enhanced
bioremediation with ED injection, and/or MNA that considers uncertainty in measurements and
model predictions (Cardiff et al. 2010, Liu et al. 2010, Parker et al. 2010a, Parker et al. 2012)
implemented in the Stochastic Cost Optimization Toolkit referred to as SCOToolkit (Parker et al.
2011). A forward model considers natural DNAPL source depletion, source reduction using ERH,
and dissolved plume transport with enhanced bioremediation using ED injection. An inverse
solution is used to estimate model parameters and their uncertainty as well as residual model error
using all available site data. Monte Carlo (MC) simulations of remediation performance and cost
are performed using equiprobable parameter realizations with residual error in simulated
measurements based on model calibration results. A cost module computes NPV cost to meet
specified objectives and constraints for each realization considering fixed and operating costs with
a penalty cost for noncompliant realizations. A stochastic optimization algorithm identifies design
variables that minimize "expected" cost (i.e., cost averaged over all MC realizations). Hypothetical
and field applications of the methodology demonstrated its ability to reduce costs and improve the
probability of successfully meeting remediation objectives (Lee et al. 2012, Kim et al. 2012).

As of FY2010, 86% of DoD installation restoration program (IRP) sites were reported as RIP or
response complete (Leeson and Stroo 2011). As DoD transitions from development and
implementation of remedial action plans to managing RIP sites, the focus must shift to optimizing
operational variables and assessing progress towards remediation goals to achieve compliance and
to minimize cost. Little attention seems to have been focused on this problem. However, the
stochastic cost optimization methodology described above can be adapted for this purpose. As
additional monitoring and performance data are collected, periodic recalibration will enable future
performance to be predicted with less uncertainty. If projected performance is significantly better
or worse than expected, remediation operation and monitoring variables may be reoptimized to
minimize the remaining CTC. If the updated probability of failure is unacceptable, more
substantial modifications in the remediation strategy may be evaluated to meet performance
criteria while minimizing the remaining CTC. The cost utility of additional characterization data,
as discussed further below, may also be evaluated in consideration of the revised model calibration
results.

Considerable work has been performed on optimization of long-term monitoring (LTM) sampling
locations and frequencies (Loaiciga et al. 1992, EPA 2000, Reed et al. 2000, Cameron and Hunter
2002, Reed and Minsker 2004, EPA 2005, Parsons 2005, EPA 2007). User-friendly LTM
optimization (LTMO) tools have been developed by Aziz et al. (2003) and Harre et al. (2009 -
ESTCP project ER-0629) that utilize statistical methods to eliminate redundant well locations and
to reduce sampling frequency.

The handling of noisy data is a troublesome issue for compliance monitoring. Levine (2010) with
the US EPA proposed to compute confidence limits on an N-year simple moving average (SMA)
of measured concentrations to smooth noise. If the upper one-sided SMA confidence limit for a
specified probability level (e.g., 95%) is less than the compliance concentration for each
compliance well, regulatory closure criteria are deemed met. Parker et al. (2010b) reported
stochastic simulation-optimization analyses using Levine's and other "noise management"”
approaches in SCOToolkit. The program provides broad flexibility in defining site specific
performance objectives in terms of "compliance rules" and "operational rules,” which are
described in detail in Appendix B.
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Results showed that increasing or decreasing monitoring frequency relative to an optimum value
increased the expected CTC. Fewer samples lead to wider confidence limits, which increase the
duration of LTM, and hence operating costs for the longer duration, more than the savings from
reduced frequency. Effectively, more conservative operation is required to compensate for greater
measurement uncertainty associated with fewer samples. Parker et al. demonstrate that the greatest
net cost savings is achieved by simultaneously optimizing the moving average lookback period as
well as monitoring frequency and remedial design variables. We infer from this study that while
LTMO statistical methods may be useful for optimizing the number and location of monitoring
wells, optimization of sampling frequency should be performed in the context of a more
comprehensive stochastic optimization approach that considers cost tradeoffs. Furthermore,
methods for handling measurement noise vis a vis compliance rules should be optimized to
minimize CTC.

Site characterization efforts and monitoring can serve to reduce uncertainty and hence reduce the
cost premium associated with overdesigning to compensate for uncertainty and to reduce the
failure probability. However, characterization and monitoring efforts also incur direct costs, so the
pertinent question to ask is whether the savings due to reduced uncertainty achieved by a given
characterization or monitoring measure exceeds the direct cost of the measure itself. The cost
savings due to reduced uncertainty is referred to as the value of information (\VOI), defined more
specifically as the difference between the total expected cost when the information in question is
not used and that in which the information is used. The VOI concept has been applied in many
areas, including medicine (Yokota and Thomson 2004), economics (Hanemann 1989), operation
research (Gavirneni et al. 1999), and earth science (Dawdy 1979). Applications to groundwater
management have been described by Reichard and Evans (1989), Wagner et al. (1992), James and
Gorelick (1994), Borisova et al. (2005), and Feyen and Gorelick (2005). Liu et al. (2012)
investigated VOI while optimizing remediation design to minimize cost considering parameter
uncertainty.

EPA (2004) and Leeson and Stroo (2011) have noted that measurements are sometimes not
performed in the belief that they will increase cost or delay completion, while in reality the
additional information may enable a strategy to be implemented that decreases cleanup duration
and life cycle cost. VOI is a powerful tool to evaluate whether a proposed measurement is
warranted in terms of total CTC. The high computational cost of traditional VOI calculations has
probably impeded their routine use, although more computationally efficient methods could
ameliorate this obstacle.

A final factor we will address that contributes to uncertainty in predicted performance, and hence
to higher expected total remediation cost, is intrinsic uncertainty in the model used to make
predictions. After we calibrate a model to field measurements, residual deviations remain that are
attributable to a combination of sampling/measurement error and intrinsic model error. These
cannot be practically distinguished, although model error will usually dominate. Intrinsic error can
be reduced by refining the model to account for more details of the real system. However, to the
extent that the "refined” model requires more parameters that are imperfectly known, the reduction
in intrinsic error may be offset by an increase in parameter uncertainty when calibrated to the same
data (Parker et al. 2010b). The optimum model to minimize prediction uncertainty is ultimately
limited by the data available for calibration.
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Many field, laboratory and theoretical studies have shown that back-diffusion from low-
permeability layers in heterogeneous aquifers can result in a long-term source of contamination at
DNAPL sites (Sale et al. 2006, Wood et al. 2009, Leeson and Stroo 2011). Under conditions in
which back-diffusion is a significant problem, large differences develop between “resident
concentrations” and “flux concentrations,” where the former represent volume-averaged
concentrations in pore fluid and the latter represent flow-weighted averages (Parker and van
Genuchten 1984). Recent field studies by Britt (2011) indicate that samples from normally purged
or pumped wells approximate flow-averaged concentrations.

Models that explicitly treat the diffusion process between high and low permeability regions are
readily available, but require additional parameters than conventional single-continuum models,
and entail substantially greater computational effort. The latter issue is particularly problematic
for incorporation within a calibration-stochastic optimization framework, which typically requires
thousands of direct solution simulations. Explicit treatment of diffusion would thus render
stochastic optimization analyses impractical without supercomputing capability. Unfortunately,
these resources are generally not available to most environmental consultants.

A practical alternative method, described by Parker and Valocchi (1986), uses an upscaled
dispersion model with boundary conditions that strictly enforce mass balance conditions pertinent
for resident or flux concentrations, as needed. Although the solution approach is approximate, a
comparison of results for an explicit diffusion model and the upscaled dispersion model agree quite
closely. The upscaled dispersion coefficient can be computed theoretically from known parameters
in the diffusion model, or the lumped coefficient can simply be calibrated to field data directly,
without increasing the parameter vector dimension compared to a conventional dispersion model.
Furthermore, the same approach is applicable to fractured rock aquifers, provided the fracture
network is sufficiently dense that porosity and permeability are relatively uniform on the scale of
average monitoring well spacing.

1.2 Project Objectives and Approach

The goal of the present project was to extend the capability of SCOToolkit to enable periodic
assessment and optimization of the performance at remediation in progress (RIP) sites to minimize
expected total NPV cost considering failure probability and measurement and prediction
uncertainty, and to facilitate early identification and correction of problems associated with
remediation technologies and/or goals. Considered remediation technologies that may be operated
concurrently and/or sequentially include:

Electric resistance heating (ERH) DNAPL source remediation

Thermal conduction heating (TCH) DNAPL source remediation

Steam enhanced extraction (SEE) DNAPL source remediation

DNAPL source excavation

In situ chemical oxidation (ISCO) with recirculation for DNAPL source remediation
ISCO with pulsed injection for DNAPL source remediation

Electron donor (ED) injection for enhanced DNAPL source remediation

Electron donor (ED) injection for enhanced dissolved plume remediation

Reactive barriers or groundwater extraction for dissolved plume control

CoNO~wWNE
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Figure 1.1 Flow chart for SCOToolkit program.

In addition to the expanded repertoire of remediation technologies and the capability to iteratively
evaluate remediation progress and re-optimize operating parameters and/or strategies,
enhancements to the transport model were undertaken to more accurately approximate complex
site conditions. In particular, the solution was extended from a vertically-averaged two-
dimensional model to a three-dimensional representation of finite vertical thickness with multiple
DNAPL sources at different areal locations and/or depths. Additionally, the solution was modified
to approximate effects of mass transfer limitations associated with diffusion into and out of low
permeability zones (aka, “back diffusion”). The solution leads to differences between volume-
averaged soil concentrations and flux-averaged monitoring well concentrations, both of which can
be used in the revised program for model calibration.

Stochastic cost optimization is a computationally intensive iterative process that requires hundreds
of evaluations of expected cost for different design and operation variables. Furthermore, each
expected cost evaluation requires multiple simulations (typically 100) to represent uncertainty in
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model predictions and measurements. As a result, tens of thousands of individual forward model
simulations over a multi-decade time period are commonly required to solve a single optimization
problem. Our overall objective has been to develop a practical tool to meet remediation objectives
with the least possible cost. Due to uncertainty in future performance, this objective involves
tradeoffs between the probability of successfully meeting remediation goals within a certain
timeframe and the aggressiveness of the remediation strategy. Performance uncertainty arises from
three sources. First, for a given model formulation, uncertainties in model parameters and
boundary conditions over time produce prediction uncertainty. Second, field and lab measurements
are subject to sampling and measurement uncertainty. And finally, there are inherent accuracy
limitations associated with assumptions and simplifications — even for the most sophisticated
models. SCOToolkit explicitly addresses errors from the first source. The last two sources or
uncertainty are lumped together in the treatment of residual calibration error.

The foregoing considerations require a performance simulation model that is very robust and
computationally efficient. This requires giving up some degree of model complexity to enable
practical application with typically available computer hardware. Our experience indicates that the
level of sophistication in the SCOToolkit performance models is adequate for most sites
considering the magnitude of uncertainty from other sources.

The general approach for SCOToolkit described in this report is depicted in flowchart form in
Figure 1.1. The central component of the method is a semi-analytical mathematical model to
simulate DNAPL source depletion and dissolved phase transport of a target chlorinated
hydrocarbon over time in response to natural and engineered conditions.

In the inverse modeling mode, historical site data is used to calibrate the simulation model and to
estimate parameter covariances and residual prediction error. Forward predictions of remediation
performance and cost are performed for defined remediation strategies, operating rules and
remediation criteria. A Monte Carlo (MC) method is used to quantify uncertainty in performance
and cost attributable considering uncertainty in model parameters, measurements employed for
real-time decisions, and cost function variables.

Design optimization is performed to determine values of design variables that minimize the
expected value (average over MC realizations) of NPV, which may include “penalty costs” for
failure to achieve defined remediation objectives within a specified time period.

Chapter 2 of this report describes the basic 3-D transport model. Chapters 3 to 5 describe the
enhanced bio, thermal and ISCO cost/performance models, respectively. Chapter 6 outlines
calibration and uncertainty analysis methods. Chapter 7 presents the stochastic design optimization
approach and Chapters 8 to 10 document applications of the program.
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2. DNAPL Source and Dissolved Transport Model

2.1 Background

The aqueous plume model in SCOToolkit is driven by one or more DNAPL sources that deplete
over time at rates controlled by natural and/or engineered processes. Mass transfer kinetics are
treated as a power function of source mass remaining. The transport model itself distinguishes
between resident and flux concentrations. The importance of this distinction when dealing with
heterogeneous aquifers is well established (Kreft and Zuber 1978, Parker 1984, Parker and van
Genuchten 1984, van Genuchten and Parker 1984, Batu and van Genuchten 1990, Roth and Jury
1993, Toride et al. 1999, Zhang et al. 2006), although the practical implications are often not fully
appreciated and the distinction is not considered in field modeling efforts.

The physical distinction between resident and flux concentrations is illustrated in Figure 2.1 for a
well screened across two zones with groundwater discharge rates Q1 and Qz, screened lengths L1
and L2 and local concentrations C1 and C2. A water sample obtained from the well using usual field
methods would approximate a flow-weighted average (“flux concentration™ Cg) along the length
of the well screen. Alternatively, a water sample extracted from a composite soil sample over the
same depth interval would yield a volume-weighted average (“resident concentration” Cr). For the
hypothetical example in Figure 2.1, which corresponds to aquifer flushing after the primary
contaminant source has largely dissipated, the average resident concentration over the well bore
length is 17 times greater than the flux concentration due slow back-diffusion from the low velocity
zone.

Resident and flux concentrations can be shown to follow equations that are identical in
mathematical form but subject to different boundary conditions. Details regarding boundary
conditions for correctly distinguishing between resident and flux concentrations using analytical
as well as numerical solution methods, and practical implications of such distinctions, are
discussed by Parker and Kim (2015).

Well
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Figure 2.1. Hlustration of flow-averaged concentration (Cr) observed in well screened over high
and low permeability zones and volume-averaged concentration (Cr) that would be determined
in fluid extracted from adjacent soil samples aggregated over the same length.
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2.2 DNAPL Source Model

Field-scale DNAPL source dissolution and mass depletion over time is described by a widely
accepted power function model (Rao et al. 2001, Zhu and Sykes 2004, Parker and Park 2004, Park
and Parker 2005Jawitz et al. 2005, Falta et al. 2005, Christ et al. 2006, Fure et al. 2006, Basu et al.
2007, Saenton and lllangasekare 2007). Considering the possibility of engineered manipulation in
mass transfer kinetics, we describe the contaminant mass dissolution rate, M [MT], in an
individual source zone as a function of time, t, by

. M@
m(t) =F,J. [ M., J (2.1)

where Jecar = M (t=tcal) and Mcai = M(t=tca) in which tcai denotes a reference time selected for
model calibration, M(t) is the contaminant source mass remaining at time t, £ is a depletion
exponent that reflects the DNAPL source “architecture” (Parker and Park, 2004) [-], and Fmt is a
dimensionless mass transfer enhancement factor, discussed further in Chapters 3 and 5.

Integration of the source mass balance equation as described by Park and Parker (2005) yields
source mass remaining versus time after an instantaneous release of mass Mo at time to

M (t) =[ max (0,M,,* - F, BA- At -t,))] (2.2)

whereB=J_, /M7, . Note (2.2) is valid for 8 # 1. If 8= 1, the value is internally set to 0.9999.

The effects of £ on source mass remaining and mass discharge rate versus time based on (2.1) and
(2.2) are illustrated in Figure 2.2. Discharge rate decreases linearly with time when g= 0.5 and
logarithmically for = 1. For < 1, the log discharge rate is concave downwards and discharge
rate and mass remaining become zero at a finite time. For g >1, log discharge rate is convex
downward and the discharge rate and mass remaining approach zero asymptotically with time. For
£ <1, mass remaining reaches zero at a finite time. Based on high resolution simulations, Parker
and Park (2004) associated £ >1 with residual DNAPL and S < 1 with DNAPL pools and lenses.
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Figure 2.2. Effect of £ on source mass remaining and discharge rate versus time
for Mo = 100 kg and Jo = 10 kg/day. Note: with a log-scale y-axis, # =1 curves are linear.
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In some cases, it may be necessary to consider multiple DNAPL sources to be contributing to
groundwater contamination at a site. Obvious cases include multiple known or inferred historical
disposal areas at different locations. Large vertical variability in DNAPL saturations may be
important to consider in some cases (e.g., thick aquifer, low vertical dispersivity, short plume). A
more common, but overlooked, problem is the existence of subregions characterized by source
architectures that exhibit different mass transfer characteristics. For example, DNAPL pools are
characterized by g values <1, while residual DNAPL sources exhibit larger g values. Since the
composite behavior of multiple sources with different 5 values cannot be accurately described by
a single function with a single average g value, two (or more) modeled sources may be necessary
to capture the behavior of sources with significant DNAPL with both pools and residual
architectures. Also, sources in saturated and unsaturated zones will likely have different
parameters that cannot be accurately represented by single lumped parameterizations.

However, it must be recognized that more source functions require more parameters to calibrate
from available field data. If one attempts to calibrate more parameters than the quality and/or
quantity of data can support, overall model reliability will suffer rather than improve (Parker et al.
(2010). Optimum model parameterization may be identified by trial and error to obtain the smallest
total prediction uncertainty (see Chapter 7).

Considering remedial actions at dates trem 1, trem 2...frem n When partial source mass removal and/or
step changes in Fmtoccur and stipulating that to<tcai< trem 1, values of Mref, tret and Fmt in (2.2) are
assumed to vary with time as described in Table 2.1.

Table 2.1. Definitions of Fmt, tref and Mreras functions of time.

Time Period Fmt Lref Mret
to < t<trem1 Fmto=1 tref 0 = tcal Mrefo = Mcal
trem1<t < trem2 Fmt1 tref1 = trem1 Mref 1
tremn1<t < tremn Fmtn-1 trefn-1 = tremn-1 Mref n-1
> tremn Fmtn trefn = tremn Mrefn

Values of Mretnin Table 2.1 for n > 0 are given by
M =M -AM

ref n remo n rem n

M remon I:M rem n—lliﬂ - Fmt nle(l_ﬁ)(trem n _trem nfl):|

where AMremn is the mass removed from the source at time trem n regarded as instantaneous. The
source mass at time to may be computed as

1/(1-B) (2.3)

_ 1/(1-4)

M, =M(t,) =[ My =Bl-B)(t,~ty) ] (2.4)
for an instantaneous release at to, M =0 and J = 0 for t < to. For a finite duration DNAPL release
event from start date ts to a release termination date to with a linear net increase in DNAPL source
mass over time

M) = tt—ts

M, fort, <t<t, (2.5)

0 S
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The mass dissolution rate between ts and to may be computed from (2.1) and (2.5) and the total
mass released, including mass dissolution prior to to, obtained by integrating (2.1) with (2.5) as
J Mf(to _ts)

M., =M, +—=2 2.6
total o (1+ﬁ)M s ( )

cal

Note that dissolution of DNAPL mass will usually continue long after the final DNAPL release
date to unless remedial action is undertaken to reduce or eliminate the remaining DNAPL mass.

Discharge rate decreases linearly with time if = 0.5 (Figure 2.2). For £>0.5, discharge rate
approaches zero asymptotically but (theoretically) never reaches zero, while for 5 < 0.5, discharge
rate reaches zero abruptly after a definable period. Residual or “ganglia” type DNAPL exhibit low
S values (< 0.5-1.0), while pools and lenses will exhibit higher values (Parker and Park 2004).

Sorenson (2006) reported that enhanced source zone biodecay caused dissolution rate coefficients
to increase by factors of 2 to 6 in laboratory studies and 3 to 8 in field studies. Parker and Park
(2004) also have shown that field-scale dissolution rate coefficients will vary inversely with
changes in source zone darcy flux (e.g., due to engineered or inadvertent permeability decreases
due to amendment injection). Changes in Fmt due to ED injection upgradient of DNAPL sources
are described in Chapter 3. Effects of in situ chemical oxidation are described in Chapter 5.

2.3 Mapping the Groundwater Flow Field

SCOToolkit considers multiple chlorinated hydrocarbon (CH) sources that may occur within an
aquifer characterized by a Cartesian coordinate system in field mapping units (E, N) — i.e, easting
and northing. Flow paths may be approximated as linear or nonlinear cubic polynomial functions.
To apply the semi-analytical solution for contaminant transport in a planar flow field to mildly
nonlinear flow fields, we define a coordinate transformation for each DNAPL source (and also for
ED injection galleries that will be discussed later) to convert from field coordinates to linearized
local coordinates (x, y) and back.

For each source we define the origin of the local coordinate system to be at the center of the
downgradient plane of the source: e.g., (Eo, No) in field coordinates. A streamline may be drawn
through (Eo, No) using water level contours, dissolved plume data, and user discretion. Coordinates
of selected points along the inferred streamline are used to fit a streamline function. Detailed
procedures for fitting nonlinear streamline functions are described in Chapter 6 (section 6.2.3).

For nonlinear streamlines, a polynomial function is used to define the (E, N)—(x, y) mapping,
where X is the distance along the centerline and vy is the transverse distance orthogonal to the
centerline. Given the source origin in field coordinates (E*, N*), local coordinates oriented with
the streamline can be found as follows (Figure 2.3):

1) The orthogonal line that passes through (E*, N*) and intersects the streamline at E = Ecross
may be described by N = A+BE where A = N* +BEcross and B = -(a+2b+3cx?)?,

2) Solve recursively for Ecross Using Ecross = E* initially then solve the cubic equation for E
where the orthogonal line intersects the streamline,

3) Compute y’ as the distance from (E*, N*) to (Ecross, Ncross),
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4) Compute x as the distance along the streamline from (Eo, No) to (Ecross, Ncross) by integrating
[1 4+ N’(E)?]¥2dE from Eo to Ecross where N’(E)=dN/dE. Calculate numerically using dE =

10 m.
N A
(N*, E¥)
®
A\ Y
X (NCI'OSS’ ECTOSS)
Njo L (Nim Ep)
Eo E

Figure 2.3. Curvilinear streamline in (E, N) field coordinates and mapping
to local (X, y) coordinates for source j.

To estimate streamline parameters a, b, and ¢, it is necessary first to manually sketch the streamline
and digitize northing-easting coordinates for a number of points along the streamline. These
coordinates can be input into the provided Excel program Streamline calculation.xlsx to fit model
parameters (Appendix A).

2.4 Dissolved Plume Transport

2.4.1 Analytical solutions for resident and flux concentrations

In the following, we present 3-D solutions for resident and flux concentrations in an aquifer of
finite thickness Lagq with a steady-state planar flow field with a contaminant source on a vertical
plane centered at x = 0, y = 0, z = 0. The x-dimension is treated as infinite in the positive
(downstream) direction, the y-direction is infinite, and the z-direction may be semi-infinite or finite
as discussed later. Dissolved phase transport is commonly described by the advection-dispersion
equation (ADE), which for a planar flow field takes the form

2 2 2
R§= Ay%+ Ayv%+sz%—v£—ﬂC

ot OX oy oz OX (2_7)
where Ax, Ay and A; are dispersivities [L] in longitudinal, transverse horizontal, and vertical
directions, respectively; R is a retardation actor for linear sorption [L°], v = g/¢ is the pore velocity
with darcy velocity q [MT] and porosity ¢[L°], Ais a first-order decay coefficient [T] x is
distance from the source in the direction of flow [L]; y is lateral distance from the center of the
source perpendicular to flow [L]; z is vertical distance [L]; t is time since the initial release [T];
and C [ML] may represent resident or flux concentration depending on the boundary conditions
applied.
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An arbitrarily time-dependent contaminant source with mass discharge rate ri(t) [MT] distributed

uniformly over a vertical plane perpendicular to flow of width Ly and height L with its center at x
=0andy = 0. The location of z = 0 depends on various cases described later. Zero concentration
gradients for resident and flux solutions are assumed in the z-direction to the top and bottom of the
aquifer, in the y-direction at y = £, and in the x-direction at x = + o and at x = 0 other than
vertical plane source area. Note that the boundary conditions at x=0 preclude upstream migration
of contaminant. The boundary condition on the source plane area for the resident concentration

solution of (2.4) is
oC m(t)
C.—A Lm0
q( A axj LL,

(2.8a)
and the boundary condition for the flux concentration solution is
m(t
1Ce =1 (I_)
XY (2.8b)

The solution of (2.7) for resident or flux boundary conditions with an arbitrary contaminant mass
discharge rate as a function of time can be obtained by convolution using

1

fm(r) f.(xt=2)f (y,t-7)f,(z,t-7)dr
y —z7 0 (29)

where t is a dummy time integration variable [T], fx(x,t) is the x-direction solution for a dirac pulse
(i.e., instantaneous unit mass injection) subject to (2.8a) or (2.8b) as applicable [L], fy(y,t) is the
dispersion solution in the y-direction [-], and f:(z,t) is the z-direction dispersion solution [-].
Equation (2.6) is integrated numerically.

C(x,y,z,t)=

Toride et al. (1995, Table 2.2) present 1-D solutions for instantaneous unit mass injection in time
for resident and flux concentrations for an unbounded solution domain in the positive x-direction,
which yield the following solutions for fx(x,t)

¢ Rx Az (Rx-vz)’
. (X7)= 77 EX -
VT(47Z'RA(VZ') R 4RA VT (2.10a)
1 ( (Rx —vr)?
—llzexp . 7
ar (ﬂA(VRZ’) 4A(VRT
fX(x,7) =exp (—]
R 1 (xj { Rx+vr J
- exp| — lerfc| ———5
AR A 210

where fX® and fxF are functions for resident and flux solutions, respectively. An alternative
formulation in lieu of (2.6), which can be integrated more efficiently for locations near the source,
is

m(t)

[ 9.(xt=2) 1 (y,t=2)f,(z,t=7) dm(z)

C(x,y,z,t)= L Lq

y ~z

(2.11)
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where gx(x,t) represents the solution for continuous injection at a constant unit rate. Note that since
m(t) is a function of time, numerical integration of (10) can be performed either by (i) integrating

over a specified At and computing Am(t) corresponding to each time-step using (2.9), or (ii)
integrating over a specified Am(t) and back-calculating t for each step for use in gx and other terms
in (2.11). Resident and flux solutions for gx are

E 21 (Vv—u)x Rx—ur
g, (x,7)= 5 exp(—ZAxv jerfc[—Z(RAAw)“ZJ

1 (V+u)x RX +Ur
+ —exp erfc| ———
2 2AV 2(RAV7)
R 1 (v—u)x Rx—ur
0= fo| — —
g, (X,7) V+uexp( 2AV ]E‘I’ C(Z(RA(VT)UZ}
1 (V+Uu)x Rx+ur
+ exp erfc| ———
v-u 2AV 2(RAV?)
bV oxp| AT oo XYL fori>0  (2.12b)
2AAV Av R 2(RAV7)
5 \U2 ,
gS(X’T):lerfC RX_VTl/z + ve exp —M
2 2(RAVT) ZRAV 4RA VT
2
e i exp X erfc L"TM forA=0
2 A<V RA(V A<V Z(RA&VZ')

where gxR and g«~ are functions for resident and flux concentrations [L°], respectively, and
u=(v?+42Av)". It may be noted that (2.10a) and (2.10b) will yield nearly identical results

(hence Cr~CFr) when Ax/x << 1. This is also the case for (2.12a) and (2.12b).
The horizontal spreading terms in (2.9) and (2.11) for an aquifer unbounded laterally is given by

+L, /2 -L, /2
fy (y, Z') = %{erf LMJ —erf (%]:l
v v
Ave Ave (2.13)
Note that symmetry about the center line yields the same function values for positive or negative
y-values having the same absolute magnitude.

(2.12a)

To account for different vertical source configurations, three conditions are distinguished for
vertical dispersion terms as described below.

Condition 1. Fully penetrating source (2-D solution)

If the source thickness, L., is equal to the aquifer thickness, Lag, then a 2-D solution strictly applies
for which fz(z,t) = 1. A 2-D solution may also be applicable at distances sufficiently far downstream
from the source that vertical dispersion yields essentially uniform mixing over the aquifer
thickness.
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Condition 2. Partially penetrating source adjacent to top or bottom aquifer boundary

For this condition, the top of the source zone may coincide with the aquifer upper boundary defined
at z = 0 (e.g., water table) and the bottom of the source is substantially above the aquifer lower
boundary with z increasing downwards. Alternatively, the bottom of the source coincides with the
aquifer lower boundary defined locally as z=0 with z increasing upwards.

The Condition 2 vertical dispersion function for an aquifer of infinite thickness is given by

fzw(z’ T) = 1 erf (Lzm]_erf (LZMJ
2| | 2(Avr/R) 2(AVrIR) (2.14a)

An image boundary technique (e.g., Galya 1987) is employed to correct for effects of plume
interaction with finite vertical boundaries as follows
f,(z,0)=1"(z,0)+ 1 (2L, —z,7)+ (2L, +2,7) +
f (4L, —z,7)+ f, (4L, +2,7) +

£7 (6L, —2,7) + f," (Lo +2,7) +.. (2.14b)

Three subsidiary conditions may be distinguished for computing the Condition 2 dispersion
function:

Condition 2a. x < X, = (Lag-L2)?F, /A;

At distances closer than X, from the source, the plume has not intercepted the opposite aquifer
boundary opposite the source. Therefore, no correction terms need to be applied and (2.14a)
alone can be used to compute f,(z,7) = f,"(z,7). The factor F, = 0.001 was determined by
comparing 3-D solution results with and without correction terms.

Condition 2b. x > x2p = (Lag-Lz)?F2p /A;

At distances greater than xop from the source, vertical mixing yields negligible vertical
concentration gradients and a 2-D approximation may be adopted as described above with
f2(z,t) = 1. The factor F2p = 10 was determined by comparing 3-D and 2-D solution results.

Condition 2c. X, < X < X2p

For this case, (2.14b) is employed using a sufficient number of correction terms to obtain
desired accuracy. After computing the first two terms in (2.11b), the series is terminated when
the last computed term is less than 0.1% of the sum of all terms computed to that point.

Condition 3. Source NOT immediately adjacent to top or bottom of aquifer

Finally, we consider the instance in which the source does not lie immediately adjacent to the top
or bottom of the aquifer. The center of the source of thickness L: is located at an elevation denoted
locally as z = 0 with positive z above the source and negative below. The top of the source is at z
= L./2 and the aquifer upper boundary is at z = Lu 2 L./2. The bottom of the source is at z = —L./2
and the aquifer lower boundary is at z = Lo < L2/2. Note that if the top of the source is designated
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as Liwp below the water table, then Lu= Liwp—L2/2 and Lo=Lag—Lu. The vertical dispersion function
for an unbounded aquifer is

f”(z’z-) :E erf M —erf M
z 2 Z(AZVT/ R)]J2 Z(AZVT/ R)l/Z (2 15a)

Note that although the function defined by (2.12a) is symmetric about z = 0, corrections for finite
aquifer thickness will be asymmetric unless the source lies exactly midway between the upper
and lower aquifer boundaries. If corrections for finite aquifer thickness are required and Lu — |Z]
< Lb— |z], the series with terms in order of decreasing magnitude is

f,(z,7)=1"(z,7)+ f,°(2L, +z,t)+ f,°(2L, - z,t) +
fo(2L, +2L, —-z,t)+ f,°(2L, + 2L, + z,t) +
f (4L, +2L, +z,t)+ f,°(4L, + 2L, —z,t) +
fo(4L, +4L, —z,t)+ f,° (4L, +4L, +,t) +
fo(6L, +4L, +z,t)+ f,° (6L, + 4L, —z,t) +
fr (6L, +6L, —z,t)+ f,°(6L, +6L, +2,t)+... (2.15h)

otherwise, the computational sequence is
f, (z,t)=1"(z,t)+ (2L, —z,t)+ f,° (2L, + z,t) +
fr2L, +2L +z,t)+ f,° (2L, + 2L, —z,t) +
fr4L, +2L —z,t)+ f,7 (4L, + 2L, + z,t) +
fo(4L, +4L +z,t)+ f,° (4L, +4L, - z,t) +
fo(6L, +4L —z,t)+ f,°(6L, +4L, +z,t) +
f,”(6L, +6L, —zt)+ f,°(6L, + 6L, +Z,t) +... (2.15¢)

The series is truncated after the last computed term is less than 0.1% of the sum of all terms to that
point. Sub-conditions analogous to those for Condition 2 may be distinguished as follows.

Condition 3a. If x < X, = (Lmin — L/2)*F, /A; where Lmin = min(Lu, Lb) then (2.15a) with no
corrections is used to compute f,(z,7)=f,"(z,7).

Condition 3b. If x > x2p = (Lmax — L/2)?F2n/A; where Lmax = max(Lu, Lv) then a 2-D
approximation with f;(z,t) = 1 is employed.

Condition3c. If X, < x < xop then (2.15b) or (2.15c) is used to compute correction terms until
the truncation criteria is met.



2.4.2 Aqueous concentration upgradient of source plane

Since the transport solution assumes no counterflow dispersion and the source is treated as a plane
at the downgradient edge of the source zone, the solution predicts no contaminant for x<0. To
compute reasonable concentrations within the source zone from —Xsource < X < 0, we adopt the
following approximation

X
C(x,y,z,t)=C(0,y,z,1)| 1 - 0
(X Y,z ) ( Y,z )( + j Xsource < X < (216)

C(x,y,z,t)=0 X < =X

source

source

where Xsource 1S the source length.

2.4.3 Variable decay coefficients with distance from source

Spatially-variable decay within an aquifer can be described with up to three “zones” at specified
distances from a source characterized by different decay coefficients. Zone 1 represents the region
x < L12 with a decay coefficient of A1; Zone 2 is from Li2< x <L23 with a decay coefficient of 12;
and Zone 3 is located at x > L23 with a decay coefficient of As.

The solution for Zone 1 is computed as described in section 2.3.2 with 4 =41 and actual best
estimates of the source parameters Jcal and Mcal. For Zone 2, A2 is used in the solution and m(t) is

computed from (2.1) using values for Jcai and Mcai multiplied by a scaling factor Sz defined as

C(X= L12' y=0,t;ﬂ1,Jca|, Mcal)
C(X=L127y=0't;j'2"]caI’Mcal) (217a)

For Zone 3 4 = A3 and Jcar and Mcal Values are scaled by a factor Sz defined as

5, ()= CE= Lo Y =04, 5,(0en S, (0Mea)
3 =
C(X:L23’y:O’t;A’31caI’JcaliMcal) . (2.17b)

Extension of the model to simulate ED-limited biodecay is discussed in Chapter 3.

Sz (t) =

2.4.4 Modeling dissolved plumes from multiple DNAPL sources

Contaminant concentrations resulting from multiple sources are computed by superposition of the
individual source solutions after reverting back to field coordinates as

Nsource

C(E,N,t)= > C,(E,N,1)
i1 (2.18)

Note that function calls on the RHS of (2.18) require mapping of global (E, N) coordinates to local
(x, y) coordinates for each source as illustrated in Figure 2.4.
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Figure 2.4. Mapping of well location to linearized coordinates for two adjacent nonlinear
streamlines in field coordinates for solution superposition.

2.5 Diffusion-limited Mass Transfer

2.5.1 Upscaled back-diffusion model

Many mathematical models have been presented for transport in media characterized by "mobile"
regions in which contaminants move primarily by advection and "immobile" regions where
contaminants move primarily by diffusion. We consider here the interpretation of resident and flux
concentrations obtained from the analytical model described in section 2.4 in terms of a mobile-
immobile model quantified by the following parameters:

gm = mobile zone darcy velocity [LT?]

Fm = ratio of mobile zone volume to total aquifer volume [L3L"]

Am = mobile zone longitudinal dispersivity [L]

Lim = average immobile zone diffusion path length[L]

Dim = immobile zone effective molecular diffusion coefficient [L?T]

¢m = mobile zone water volume as fraction of total mobile zone volume [L3L]

#m = immobile zone water volume as fraction of total immobile zone volume [L3L®]
pm = dry soil mass in mobile zone as fraction of total mobile zone volume [M L]
pim = dry soil mass in immobile zone as fraction of total immobile zone volume [M L]
km = mobile zone adsorption coefficient [L3M™?]

kin = immobile zone adsorption coefficient [L3M]

Am = mobile zone first-order decay coefficient [T]

Aim = immobile zone first-order decay coefficient [T]

y = dimensionless factor reflecting mobile-immobile zone geometry

A number of studies (Bolt 1979, Passioura 1971, Raats 1981, Parker and Valocchi 1986, van
Genuchten 1985, van Genuchten and Dalton 1986) have shown that diffusion-limited mobile-
immobile model solutions can be approximated by the simple ADE solved subject to boundary
conditions that distinguish between resident and flux concentrations using the following upscaling
relationships between dispersion model parameters and mobile-immobile model parameters:
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A 1_ fm \7L|2mRI$n
A-fA +( yD?mRZ (2.19a)
,_4__ Fa,
¢ F.4,+1A-F,))¢, (2.19b)
R=fR +(-f )R (2.19c¢)
A= fmﬂvm + (1_ fm)/iim (219d)
where
PunKa
R, =1+—""
F.4, (2.19)
ge Pk
_ Fufn
" R, +A-F)4, (2.199)

In which variables depicted with a “hat” (e.g., Ax) represent field-scale “effective” or “upscaled”

model parameters. Values of the geometry factor y for various mobile-immobile zone
configurations based on van Genuchten and Dalton (1986) are shown in Table 2.2.

Table 2.2. Geometry factors for upscaled dispersion model.

Geometry of media Geometry factor, y Lim
Spherical aggregates in mobile matrix 15 Sphere radius
Solid cylindrical aggregates in mobile matrix 8 Cylinder radius
Planar sheets in mobile matrix 3 Sheet half-thickness
Hollow cylinders with "wormhole" * {O.Sln(zj—o.zs} b—a

1 a = outer radius and b = "wormhole" radius for hollow cylinder case

Simulations using upscaled parameters given by (2.16) will yield first and second moments of flux
concentration versus time for a Dirac injection equal to those for the bi-continuum model of
specified fracture-matrix geometry (Parker and Valochchi 1986).

To the extent mobile-immobile model parameters can be directly estimated from field and/or lab
data, the foregoing relationships can be used to estimate upscaled model parameters, which can
then be refined, if necessary, by calibration to field data. Potential types of field data and their
interpretations include the following.
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Monitoring well data

Dissolved concentrations from well samples should be regarded as upscaled model flux
concentrations, Cr. This is true regardless of whether immobile zones occur or not, since immobile
zones, by definition, do not contribute to flux concentration.

Small-scale dissolved concentration samples

If dissolved concentration samples are obtained using suction devices (e.g., in conjunction with
geoprobe equipment) at a scale smaller than the spacing between mobile and immobile zones, the
values can best be interpreted as local scale resident concentrations. To obtain average resident
concentrations, Cr, at a scale that encompasses mobile and immobile zones, local concentrations
within an appropriate distance can be averaged and used for calibration. Alternatively, local values
may be used directly for calibration using a least squares objective. However, residual deviations
will be much larger due to the scale mismatch.

Soil concentration data averaged over mobile and immobile zones

If the spacing between mobile and immobile zones is small compared to the length over which soil
samples are taken, measurements of total soil concentration (dissolved and sorbed contaminant
mass per dry soil mass, Sai) can be interpreted as

P (2.20a)
where all variables represent upscaled model values.
Soil concentrations from mobile zone samples

If soil samples are taken from identifiable mobile zones within the aquifer, measured mobile zone
soil concentrations, Sm, can be interpreted as

P (2.20b)

assuming that the mobile zone dissolved concentration is approximately equal to the upscaled
model flux concentration since mobile zone dispersivity is generally small. The aqueous + sorbed
mobile zone contaminant mass per total (mobile + immobile zone) soil mass, Sm, is

= TR Ce (2.20c)

Soil concentrations from immobile zone samples

If soil samples are taken from identifiable low permeability zones, the measured immobile zone
contaminant mass per dry mass of immobile zone soil, Sim, can be interpreted as

_ psall — fmpmsm

" - 1)o, (2.20d)

while the aqueous + sorbed immobile zone contaminant mass per total (mobile + immobile zone)
soil mass, Simit, can be interpreted as
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Sim/t = psall - fmpmSm ) (2.20e)

Note that interpretation of mobile and immobile zone soil concentrations depends on both upscaled
and bi-continuum model parameters. SCOToolkit includes the capability to employ any of the
above types of data in input files used for model calibration.

2.5.2 Verification of the upscaled back-diffusion model

The upscaling relations given by (2.16) may be derived by equating certain characteristics of the
mono- and bi-continuum models, such as their first- and second-moments, which will yield
equality of the matched characteristic, but not equality at every point in time or space. In this
section, we investigate applications of the upscaled dispersion model to previously published
studies of media with significant mass transfer limitations that exhibit early breakthrough and
extended tailing to assess the accuracy of the upscaling relationships.

The first problem involves a laboratory study of 190 mm long columns with an outer diameter of
52 mm consisting of a sand/clay/grout mixture with a 1.7 mm diameter hole in the center extending
axially from the inlet of the column to the outlet of the column intended to simulate a root or worm
channel (Parker, 1984). The porosity was 0.365. A 0.65 pore volume bromide solution was added
to two essentially identical columns under positive pressure at a flow rate of 4.65x10* m/s. One
column was sectioned immediately following tracer injection, cut into 19 mm long sections and
extracted pore fluid was analyzed for bromide. Bromide-free solution was added to the second
column for another 1.15 pore volumes and effluent samples were collected and analyzed. No
measurement of the effective diffusion coefficient was available. However, Promentilla et al.
(2006) report tortuosities for cement samples over a range of porosities, which in conjunction with
a literature value for the bromide diffusion coefficient in bulk water yield an effective diffusion
coefficient of 7.4x10° m?/s. Disregarding mobile zone dispersivity, an effective dispersivity of
167 m was computed for the column from (2.16a) using the "hollow cylinder" geometry factor.

The experimental data reveal breakthrough within a small fraction of one pore volume and
extended "tailing" albeit at very low concentrations due slow back-diffusion from the matrix and
high dilution in mobile region (Figure 2.5a). Except for the sample closest to the inlet, measured
resident concentrations after the injection period and prior to flushing are less than 3% of the
effluent concentration magnitude at the time of sampling (Figure 2.5b). The higher concentration
in the sample close to the inlet is attributable to longitudinal diffusion from the upper surface of
the column rather than radial diffusion from the "wormhole."

Simulated flux concentrations using model parameters computed using (2.19) with no calibration
agree closely with measured effluent data (Figure 2.5a) and simulated resident concentrations
agree well with the sectioned column data (Figure 2.5b). Note that simulated and measured flux
concentrations at the end of the injection period are much greater than measured and simulated
resident concentrations. The importance of distinguishing between resident and flux
concentrations and of employing the correct governing equation and boundary conditions for
heterogeneous media should be self-evident. This example provides compelling evidence that the
upscaled dispersion model solved for appropriate boundary conditions is capable of describing
transport behavior in media characterized by highly preferential flow paths.
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Figure 2.5. Observed and simulated transport for column experiment with "wormhole".
(a) Measured breakthrough curves and simulated flux concentrations, and (b) measured and
simulated resident concentrations versus distance following 0.65 pore volume tracer injection.

The second problem we consider involves a high resolution 2-D numerical simulation by Beth
Parker and colleagues (2008) of chlorinated solvent in a permeable aquifer with discontinuous clay
layers underlain by a clay aquitard. The model was used to simulate advection-dominated transport
in the permeable material and diffusion in low permeability zones (Figure 2.5). Due to the large
contrast between advective and diffusive time scales, a high-resolution grid and small time steps
were required. Pools of TCE were assumed to occur on clay lenses as constant concentration
sources for 30 years, after which sources were completely removed. Since mobile zone dispersivity
is small, local scale resident and flux concentrations will be essentially identical and high-
resolution model results will be insensitive to the type of boundary condition employed. A multi-
level monitoring well was assumed near the downgradient boundary about 160 m from the sources.
Numerically simulated TCE concentrations remained above 1 ug/L at most depths 200 years after
source removal as a result of back-diffusion from clay layers (Figure 2.6).

Since contaminant sources are distributed more or less uniformly over the aquifer thickness, the
2-D numerical simulation may be reasonably approximated as a vertically-averaged 1-D problem.
If we approximate the model domain as a system consisting of horizontal mobile and immobile
layers, a flux concentration solution of the upscaled dispersion model may be obtained using
parameters given by (2.19) to simulate samples taken from the entire well length. The model
domain is taken as the 15 m thickness that includes the aquifer and aquitard. The well is not
screened below the top of the aquitard and the well bore does not intersect any clay lenses within
the aquifer. Therefore, the arithmetic average of numerically computed concentrations over all
well intervals within the 10 m thick aquifer represent a flow-weighted concentration over the 15
m deep model domain.
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Figure 2.6. Domain for high resolution numerical model and numerically simulated TCE
concentrations at different depths plus depth-averaged concentration in downgradient well over
time (Parker et al., 2008).

Mobile and immobile zone porosities for this problem were assumed to be 0.4. Retardation factors
were 1 in mobile zones, 5 in clay lenses within the aquifer and 3 in the aquitard. The mobile zone
darcy velocity is 0.12 m/d and the effective TCE diffusion coefficient in all clay units was assumed
to be 3.9x10° m?/d. If we consider only effects of mass transfer involving clay lenses within the
aquifer, the mobile pore fraction, fm, over the 10 m thick aquifer is 0.85 and the average diffusion
path length, Lim, is 0.25 m. Plugging the foregoing values into (2.19) gives an effective longitudinal
dispersivity of 201 m. The retarded pore velocity (averaged over the full 15 m depth) is 58 m/yr.
Average flux concentration at the monitoring well simulated with these model parameters dropped
below 1 pg/L about 85 years after source removal (results not shown). Since the high resolution
numerical model showed average concentrations exceeding 100 pg/L after 200 years, it is evident
that the thin clay layers within the aquifer are relatively minor contributors to back-diffusion
processes.

If we include the 5 m thick aquitard in the tally of immobile zones, the average mobile pore fraction
over the 15 m model thickness drops to 0.57 and the volume-weighted diffusion path length
increases to 3.9 m. Note that the diffusion path length for the aquitard is equal to its thickness, not
its half thickness, because it contacts the aquifer on only one side. Although the aquitard
retardation factor is smaller than that for the thin clay lenses, the average aquitard is about 5 times
more voluminous resulting in a lower average pore velocity of 31 m/yr. (2.19a) gives a longitudinal
dispersivity of 27,000 m for this system. With this exceedingly high dispersivity, the upscaled
model predicts earlier breakthrough than the high-resolution model and exhibits a faster drop in
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concentration following source removal compared to the high resolution numerical model (Figure
2.7). However, the late-time rate of concentration change for the upscaled model closely parallels
the numerical model.

The early time deviations in the upscaled model likely reflect shorter effective diffusion path
lengths at times when contaminant has only penetrated a fraction of the low permeability zones.
To account for this, we investigated the simple and widely-used approximation of diffusion path
length time-dependence (Crank 1975)

2D t 1/2
L_(t) = min| L™, | —m
Iﬁ]( ) [ m ( thn } j

where L,":nax is the maximum diffusion path length (5 m), t is time since the initial release, and other

variables are as previously defined. Substitution of (2.21) into (2.19a) yields a linear increase in
dispersivity with time to a maximum value of 6,800 m in 230 years. Simulated flux concentrations
using the time-dependent diffusion length and dispersivity in the upscaled model follow the high
resolution numerical results fairly well except for moderate under-prediction between 30 and 100
years (Figure 2.7). The maximum error during this period is about 65%, which would likely be
within the range of "noise" in field data and the limits of reliability that can be reasonably expected
even with sophisticated models at such a complex site. In any case, the upscaled model appears to
offer a practical and efficient approach to evaluating the effects of back-diffusion that arise at
heterogeneous sites, especially considering the demonstrated feasibility of quantifying dispersivity
from physically meaningful site parameters with little or no calibration.

(2.21)

Comparisons between upscaled model Cr solutions and numerical model results were not possible
since simulated aquitard concentrations were not given by Parker et al. (2008). However, a few
observations may be made. The analytical model indicates that resident concentrations are less
than flux concentrations prior to source removal and greater after source removal. Further, the
magnitude of the difference between Cr and Cr is found to increase with dispersivity.
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Figure 2.7. Vertically-averaged flux concentrations in aquifer with clay layers at well location
based on Parker et al. high resolution numerical simulation and results for upscaled dispersion

model with a constant diffusion path length, Lim, of 3.9m, or with a time-varying Lim(t).
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These observations are readily explained in the context of the mobile-immobile model. When the
source is active, concentrations are higher in mobile zones than adjacent immobile zones, resulting
in higher volume-averaged than flow-averaged concentrations, while the reverse is true after
source removal as back-diffusion occurs. Also, the magnitude of concentration differences
between mobile and immobile zones will increase as diffusive mass transfer resistance increases,
which corresponds to increasing dispersivity according to (2.19a).

As a final point of interest, consider the fact that the well in the numerical model is located within
a "window" in the aquifer where no clay layers intersect the well bore over the 10 m aquifer
thickness. As a result, volume- and flow-averaged concentrations over the 10 m aquifer thickness
(i.e., excluding the aquitard) are essentially equal at this location. In spite of the absence of clay
lenses at the monitoring location, the flux concentration solution for the upscaled model with time-
dependent dispersion provides a reasonable approximation of the high resolution numerical results.
This reflects the relative insensitivity of flux concentrations to local variations in the immobile
fraction, since the later have zero contribution to flux concentration. This reflects the fact that flux
concentrations are controlled by cumulative upgradient transport processes (Figure 2.8).

control volume, V

contral plane, A

source

_ o
Hm(t) - EL’ $RC dV —L, ¢ACRdVJ _HL qC, (t)dA

J

T Y
Mass rate of change in V Flux at A

Figure 2.8. lllustration of the dependence of flux concentration at a control plane on integral of
upgradient transport processes.

In contrast, local resident concentrations will exhibit large variance in response to local spatial
variability in the distribution of low permeability material. For these reasons, well measurements,
if properly interpreted as flux concentrations, are expected to exhibit less variance and hence be
more valuable, in general, for model calibration than resident or soil concentration data.
Nevertheless, a limited number of soil samples may provide valuable additional information for
model calibration.
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2.6 Summary

Depending on how samples are taken, fluid may be obtained equally from all pores (volume-
averaged resident concentrations) or in proportion to local permeability (flow-averaged flux
concentrations). Water samples from wells or suction sampling devices should generally be
regarded as flux concentrations, while soil samples that are mixed and extracted in their entirety
may be regarded as resident concentrations after correcting for dilution and sorption. The scale of
measurements versus that of significant heterogeneities must be carefully considered for upscaled
models in order to properly interpret field data.

Heterogeneous aquifers frequently exhibit much earlier breakthrough downgradient of a source
than expected for purely advective transport and show extended tailing to long travel times. It is
commonly assumed that simple advection dispersion models are not capable of describing such
systems. We have shown this to be a misconception. While the ADE may not describe every detail
of such systems exactly, when distinctions between resident and flux concentration solutions,
dispersion upgradient of sources, and time-dependence of diffusion path length are addressed, the
ADE is capable of representing rapid breakthrough and extended tailing with reasonable accuracy
even in quite extreme cases.
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3. Enhanced Bioremediation and Dissolved
Plume Control

3.1 Overview

In this chapter, we address technologies for the control or attenuation of aqueous phase
contamination. Three such technologies are considered in SCOToolkit. They are electron donor
(ED) enhanced bioremediation, pump-and-treat, and reactive barriers. The last two methods are
treated by SCOToolkit as contingency measures that can be implemented to prevent or limit plume
migration beyond a designated location if the primary remediation methods fail to perform as
expected. ED enhanced bioremediation is treated as a primary remediation method with
optimizable design variables. In this chapter, we discuss the ED model first, followed by
contingency control methods.

Streamlines that pass through the center of each electron donor injection gallery or reactive barrier
are characterized using a linear or polynomial model in the same manner discussed for contaminant
transport in Chapter 2.

3.2 Electron donor enhanced bioremediation

3.2.1 Electron donor transport

SCOToolkit simulates effects of ED injection in one or more injection well galleries of width Y,

for gallery i perpendicular to the groundwater flow direction, with the top of the injection zone a
depth z = Z below the water table for gallery i and with the bottom at z = Z + H° below the

water table. The flow field for each ED gallery is characterized in the same manner as for
contaminant transport — i.e., linear or linearized by mapping a nonlinear field to local coordinates
for each ED gallery as described in Chapter 2. Needless to say, streamlines for all ED galleries and
DNAPL sources should be consistent with each other — i.e. parallel or with mild
convergence/divergence.

The ED injection rate, m.,; [MT™], for injection gallery i is approximated by a step function

Mg (1) =0 fort<t.,,
rﬁEDi (t) = M EDi for tEDio <t < tEDif (31)
Mg, (1) =0 fort>t.,

where tepio is the ED injection start date and tepir is the stop date for gallery i. Actual aqueous
phase ED injection will commonly be pulsed to reduce well fouling problems and injection of
nonaqueous phase ED will be performed with a frequency that depends on the dissolution rate of
ED material. As a result, temporal variations in ED concentrations will occur near injection
galleries. However, since these variations will diminish markedly with distance from the galleries,
modeling ED injection with a time-averaged rate will generally not greatly affect ED available to
drive biodecay through most of the aquifer.

ED concentrations attributable to injection gallery i before reactions with contaminants, denoted
Ceoi (X, y,2,t), are computed using the transport model described in Chapter 2 but with the step
function ED injection rate used in lieu of the DNAPL source function. Aquifer porosity, velocity
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and dispersivity values will be the same for ED and contaminants. Sorption coefficients for ED
transport will be specific to the ED and first order decay for ED is assumed to be zero, as ED
reactions will be modeled explicitly.

Resident or flux concentration solutions for ED transport are employed corresponding to the
solution type specified for the contaminant model at a given location and time, depending on the
applicable type of measurement, as specified by the user.

Kinetics of ED reactions with dissolved contaminant is approximated assuming the fraction of
injected ED concentration that is reactive varies exponentially with travel time as

C22(x,y,2,t) = (1—eXpMJCE%?(X, y,2,1) (3.2)
\"

where (X, Y, z) are local coordinates of the computational point downgradient of ED gallery i, aep
is a reaction rate coefficient [T], v is groundwater pore velocity [L T?], and Rep is the ED
retardation factor [-].

For multiple ED galleries, the total ED concentration prior to reactions CEE;X at a given field
location and time is computed by superposition in field coordinates as

C(E,N,z,t) =Y CR¥(E,N,z,1) (3.3)

and the total ED concentration available for reactions is computed similarly as

Ci"(E,N,z,t) =) CE'(E/N,7,1) (3.4)

where i denotes solutions for individual ED injection galleries.

The foregoing implicitly treats introduced ED as an agueous phase material. However, nonagueous
or emulsified ED (e.g., various vegetable oil formulations) can be approximated by suitable
adjustment of aep and Rep — e.g. by calibration to pilot test data.

3.2.2 Electron donor reactions with electron acceptors and contaminants

Biodecay of CH species is assumed to be limited by the quantity of ED species relative to electron
acceptor (EA) species (Kamanth et al., 2006). To estimate the attenuation of CH due to ED
addition, a superposition method is used that is analogous to that described by Borden and Bedient
(1986). If redox reactions occur serially in order of decreasing reaction free energy (e.g., O2 > NOs
> S04 > Fe(111) > CH), then an electron balance yields

' R f CavaiI+R CHnat_CH
CCH(seriaI) :max|:0’CCH(norx)_max(O’ 0 ED—ED EP—ED EA]:| (35)

RCH fCH
where C’cHeerialy 1S the aqueous CH concentration after serial ED reactions, Ccrgorx) IS the
computed CH concentration before ED reactions as described in Chapter 2, C25" is the aqueous

concentration of injected ED available for reactions, C,';D”at is the background H-equivalent ED

concentration in the aquifer, CEHA is the background H-equivalent concentration of each EA species
in the aquifer, f’cn is the ratio of H-equivalent to actual contaminant concentration, f’ep is the ratio
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of H-equivalent to actual injected ED concentration, Rcn is the CH retardation factor, and Rep is
the ED retardation factor (note that R=1 is assumed for EA species).

H-equivalent ratios (Hstoch) for common groundwater ED, EA, and solvent species are summarized
in Table 3.1. H-equivalent ratios for EAs are estimated as fea = fea/Eet Where fea is the
stoichiometric ratio for complete EA reduction and Eesr is fractional energy yield for the
biologically-mediated reaction after deducting energy consumed for cell synthesis. The H-
equivalent ratio for CH is similarly computed as f’cu = fch/Eesr, while H-equivalent ratios for ED
species are computed as /’ep = fepEeft, since ED occurs on the opposite side of the EA-ED balance
ledger.

If reductive dechlorination of CH is assumed to occur under anaerobic conditions with competition
among microbial populations responsible for reduction of NOs, SOs, etc., an electron balance
yields

C‘ —minl1. max| 0 RCH fC‘H CCH (norx) +C:A - RED fE'DCIEEi\I/Da” - REDC:Dnat C (3.6)
CH (parallel) ! ! RCH fCH CCH (o) + CI|E-|A _ Cc|)-|2 CH (norx)

where no retardation is assumed for O2. Assuming that actual biodecay can be approximated as a
linear combination of the foregoing pathways, then

CCH(mixed) = I:seriaICCH (serial) + (1_ I:serial )CCH(paraIIeI) (37)

where Fserial IS the fraction of reductive dechlorination that follows the serial pathway. The ED
concentration remaining in solution after reactions with EA and CH may be computed by

min (RED fF;DCE:l)a“ + REDC:E-'Dnat ) C:A + RCH ch (CCH _C'CH(mixed) ))

RCH fCH
which is used to determine effects of ED injection on mass transfer enhancement.

net __ ~norx
CED - CED -

(3.8)

3.2.3 DNAPL source mass transfer enhancement by ED injection

SCOToolkit considers changes in DNAPL mass transfer rate by a factor Fmt due to ED injection
upgradient of DNAPL sources as described in Chapter 2. Whey injection studies at the Fort Lewis,
Washington East Gate Disposal Yard (EGDY) DNAPL site by Macbeth and Sorenson (2008)
indicate an approximately linear mass transfer enhancement with ED concentration in the source
zone (measured as COD). This observation is consistent with a theoretical analysis of NAPL
dissolution rate enhancement associated with reactions between the NAPL constituents and other
aqueous phase species by Reitsma and Dai (2001). For mass transfer with an instantaneous
irreversible reaction described by egs. (1), (4) and (5) of Reitsma and Dai and assuming a bulk
aqueous phase contaminant concentration much less than its solubility, we obtain

C
F.=1+f —2— (3.9a)
CHsol
D
f =0 (3.9b)
nrx DCH

where Fmt is the ratio of mass transfer rate with reaction to that without reaction defined by (2.1)
[-], fmt is an enhancement coefficient [-], Cchsol IS the molar aqueous solubility of contaminant [mol
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L3], Cix is the bulk agueous phase molar concentration of reactant [mol L], DcH is the
contaminant aqueous diffusion coefficient [L?T™1], Dix is the reactant aqueous diffusion coefficient
[L2T1], and nix is the stoichiometric ratio of reactant to contaminant for the reaction. While the
value of fmt may be calculated from (3.9b) as a first approximation, given the simplistic nature of
the rate enhancement model, calibration to field data is desirable if feasible.

For the case of mass transfer enhancement by aqueous phase ED, Crx = CE‘S , Which we compute

at coordinates corresponding to the center of the DNAPL source zone at the injection start date
plus a lag time to allow the ED concentration to approach a steady-state value estimated as tiag =
XRIV + 3(2RxAx)Y?/v where x is the travel distance from the ED injection gallery to the center of
the DNAPL source, R is the ED retardation factor, v is the mean groundwater pore velocity, and
Ax is the aquifer longitudinal dispersivity.

Table 3.1. H-equivalent conversion factors for selected ED, EA and CH.

Species Hstoch * Eefr 2 13
Chlorinated solvents*
PCE (tetrachloroethene) 0.058 0.9 0.064
TCE (trichloroethene) 0.046 0.9 0.051
DCE (cis-1,2-dichloroethene) 0.042 0.9 0.038
VC (vinyl chloride) 0.032 0.9 0.024
Electron donors
Acetate 0.13 0.6 0.078
Butyrate 0.21 0.6 0.126
Ethanol 0.26 0.6 0.156
HRC 0.12 0.6 0.072
Lactate 0.13 0.6 0.078
Methanol 0.19 0.6 0.114
Molasses 0.14 0.6 0.084
Propionate 0.18 0.6 0.108
Vegetable oil 0.39 0.6 0.234
Whey 0.13 0.6 0.078
Electron acceptors
Oxygen 0.125 0.51 0.245
Sulfate 0.081 0.43 0.188
Nitrate 0.083 0.92 0.091
Iron (11) 0.018 0.9 0.020
! Hgtocn is the H-equivalent ratio computed for the simple chemical redox reactions (Kamanth et
al., 2006)

2 Eq is the energy conversion efficiency to adjust yield for cell synthesis for relevant microbial
populations (Rittman and McCarty, 2001)

3 £ is the net H-equivalent mass ratio = HswcenEerr for electron donors and Hsten/Eetr for electron
acceptors.

4 Stoichiometry based on conversion to ethene.
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3.2.4 Electron donor gallery termination criteria and design variables

SCOToolkit can model multiple ED injection galleries. Each gallery can have different gallery
coordinates (northing and easting at center of gallery), width, depth, start and stop dates, and ED
injection rates. Termination of injection galleries may be specified at fixed dates or (more
realistically) the end date may be defined conditionally based on performance monitoring of
contaminant concentrations in a specified well or wells as described below.

For ED galleries placed downgradient of a DNAPL source, intended to enhance dissolved plume
remediation (“dissolved plume ED galleries™), ED injection may be terminated when

a. the annual average of contaminant concentration measurements in a designated ED
performance monitoring well or wells upgradient of the gallery is less than a specified
value Cepstop, and

b. optionally, when the annual average concentration in a designated site-wide compliance
monitoring well downgradient of the gallery is also less than the site-wide compliance
concentration Cnra (See Chapter 7), and

c. optionally, if there are no ED injection galleries currently operating upgradient of the
gallery in question (i.e., multiple galleries can only terminate sequentially form up- to
downgradient).

For ED galleries placed immediately upgradient of a DNAPL source to enhance source zone
remediation (“source zone ED galleries”), ED performance monitoring wells are located
immediately downgradient of the source to monitor total solvent species and decay products (“total
contaminant concentration”). In this case, injection is terminated when the annual average total
contaminant concentration is less than Cepstop.

SCOToolkit generates “measurements” for ED performance monitoring wells by applying
lognormal noise to simulated average annual contaminant concentrations. For dissolved plume ED
galleries, simulated values of C(':H(mixed) are used to represent noise-free contaminant concentrations

after ED-enhanced biodecay. For source zone ED galleries, simulated CCH(norX) are used to

represent contaminant concentrations prior to ED reactions, corresponding to field measurements
of total contaminants and daughter products. Measurement “noise” applied to simulated values has

a In-standard error equal to Sincep > 2 where Smcep is the user specified In-error for single

samp
f ED
samp

measurements from ED performance monitoring wells and is the number of measurements

per year (number of ED monitoring wells per decision gallery times annual sampling frequency).
Design variables that may warrant optimization for ED injection include the following:

Mepi is the ED mass injection rate for gallery i (kg/d),

Y. is the width of gallery i (m),

HiED is the vertical thickness of the injection zone i (m),

toEiD is the start date for ED injection in gallery i (days),

Cepstop i IS the target annual average contaminant concentration in ED performance monitoring
wells below which ED injection will be terminated, and
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fom
p
When optimizing multiple potential ED injection galleries, if the optimized value of Mepi is below
a specified lower cutoff, the gallery is treated as inoperative and no capital or operating costs are
applied to it, thus allowing the number (and locations) of injection galleries may be optimized.

is the number of measurements per gallery per year for ED monitoring.

3.2.5 Electron donor injection cost function

Capital and operating costs for implementation of enhanced bioremediation by injection of ED and
other amendments in injection well galleries are described as follows:

EDtot _ ~EDcap EDop
CNPV _CNPV +CNPV

ED ED
Ngaii N gaii

g ED ED
EDcap __ ~EDcap EDy/ ED toi —tret EDcap \| ED ED toi —tret
Crv = Coiam Z Y (@=d)™ ™ +CL7 N, Z [ @-d)” ™
i=1 i=1

W

+max; (1) C e (L—d)mm e (3.10)

ED
N gali gali

EDop EDy/ ED EDop ED
tmax Cwidth z Oti Yi + Cmass Z Oti M EDi
EDop __ i=1 i=1
C:NPV - Z NED NED

t=t ali gali

9
f +C EDop f ED Z OtIiED anﬁ +C EDop Z OtIiED + CEDop max; (OtIiED )
i=1 i=1

samp ' samp other all

@-d)y™

where the time summation is over integer values of time in years and

Ci is the total NPV cost for ED injection ($K),
CLo® is the total NPV fixed ED cost ($K),

Coo® is the fixed cost per ED gallery width ($K/m),
C o js the construction cost per operational ED monitoring well ($K/well),
CEP®js any other fixed ED costs,

other

CinP is the total NPV operating cost for ED injection ($K),

C.oP is the operating cost per ED gallery width for maintenance etc. ($K/m),

CEP® s the operating cost per unit ED mass injection ($K/kg),

mass

CEP js the collection and analysis cost per ED monitoring sample ($K/sample),

samp

C PP s other ED operating costs per gallery per year for reporting etc. ($K/gallery/yr),

other

CL>® is other ED operating costs regardless of the number of galleries ($K/yr),

d is the annual discount rate (fraction),
f =" is the number of samples per well per year for ED operational monitoring,

samp
1.5 is an indicator that is 1 if gallery i is actually implemented else 0,
Y,®Pis the width of ED gallery i perpendicular to the flow direction (m),

Mepi is the mass injection rate of ED for gallery i (kg/yr),
N -2 is the number of operational monitoring wells (not injection wells) per ED gallery,

W
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N, is the number of potential ED galleries,

O;" is an indicator that is 1 if gallery i is operating in year t else 0,
t=° is the start date for ED gallery i (yr),

tref IS the reference date for NPV adjustment (yr), and
tmax 1S the maximum simulation date (yr).

3.3 Hydraulic control and reactive barriers

3.3.1 Pump-and-treat for plume control

Pump-and-treat (PT) systems have a long history. They were once the sole means for treatment of
groundwater contamination until it was recognized in the 1970s that slow dissolution of DNAPL
sources may require hundreds or thousands of pore volumes before the source was fully dissipated.
This led to the realization that pump-and-treat for DNAPL plumes is often more reasonably
regarded as a plume control measure rather than as a remediation technology per se.

SCOToolkit treats pump-and-treat as a means of limiting dissolved plume migration beyond a
certain distance downgradient, which may be used in conjunction with natural attenuation, source
reduction methods, and/or other dissolved plume technologies. If SCOToolkit implements a pump-
and-treat system at a given location, any monitoring wells downgradient of the pump-and-treat
system are assumed to be “clean.” In other words, the pump-and-treat system is assumed to be
implemented at or near the distal edge of the dissolved plume. The steady state flow field
upgradient of the pump-and-treat system is assumed to be unaffected and the analytical transport
model is used to compute upgradient concentrations.

SCOToolkit does not assess pumping rates or well locations needed to ensure plume capture, nor
does it determine construction or unit operating costs. Many other tools are available to perform
such calculations. If pump-and-treat is considered as an option at a given site, design personnel
must independently perform calculations to estimate PT capital costs and annual operating costs.
SCOToolkit can treat implementation of pump-and-treat technology as a conditional decision
contingent on the magnitude of contaminant concentration in a designated “PT trigger well.”

If simulated concentrations at the trigger well exceed a value Cpr based on specified statistical
criteria over time, capital costs for implementation are triggered and annual operating costs are
accrued until site-wide remediation requirements are met. Statistical criteria to initiate PT and to
achieve site wide “no further action” (NFA) status are discussed in Chapter 7.

The total net present value (NPV) pump-and-treat system cost for a given simulation of
remediation performance is computed as

tnfa
Cliv = lerC ™ (=)™ 415, 3 CoaP (L-d) ™ (3.11)

t=tpr
where It is a value equal to 1 if PT is implemented and 0 if not, t is time (yrs), ter is the time PT
is implemented (yrs), trer is the reference date for NPV adjustment (yrs), d is the annual discount

rate, Corv” is the undiscounted PT fixed cost ($K), and C.r” is the undiscounted PT operating cost

per year ($K/yr).
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3.3.2 Reactive barrier model

Consider a reactive barrier (RB) of width Y perpendicular to the flow direction extending from
the water table to depth H?B below the water table. The contaminant mass flux versus time entering

the barrier area (=YRBHR®) is J"° (t) and that leaving the area is J_> (t) . We assume the removal
efficiency of the barrier is ERB over the operating period from to to tr, such that the contaminant
flux leaving the barrier is J5° (t) = (1— EF®)J % (t) and the mass removal rate within the barrier is
JF8 (t) = EF®JR8(t) . Note that even if ERB=1, upstream contamination can still move downgradient

loss

around the sides and beneath the barrier.

To model the dissolved plume at a location downgradient of a reactive barrier, we first compute
IR (t) for the barrier. Assuming ER® is known, Jjv (t) can be computed using the flux

loss
concentration solution for contaminant transport for all sources upgradient of a given barrier at
discretized locations on the barrier face in the Y and Z directions (e.g., red dots in Figure 3.1). The

average of the latter values as a function of time is denoted cH (t). The loss rate is computed as

avg

Jlgfs (t) =E®qY"®H RBC;E ®. (3.12)

-+ Yrb L

° ° E o, .
EEREECHNC O

° ° E oY ° Zb
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e () 5 i .
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Nz Ny

Figure 3.1. Schematic of reactive barrier face in flow direction for computing CS- (t).

avg

To compute contaminant concentrations at a given location downgradient of the barrier, we first

compute a pseudo contaminant concentration, C,ﬁs”si(t) at the location of interest using the

contaminant transport model with a source mass function equal to JESBS (t) and source coordinates
and dimensions corresponding to the RB. Now, we can compute the contaminant concentration at
the downgradient location of interest corrected for mass lost in the reactive barrier, Cg: (t), as

Cre (1) = Crozs () ~Cis (1) (3.13)

loss

where C,%';B () is the contaminant concentration at the location downgradient of the RB computed

with the transport solution disregarding effects of the reactive barrier, and Cgg (t)is the solution
corrected for mass removed by the RB. Note that the solution type (i.e., resident or flux) for
CSH_(t)and C.X (t) must be consistent with each other and with the desired type for CFEE': (t).

noR loss
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3.4 Summary

Dissolved plume control and attenuation are important components of DNAPL remediation
strategies. While monitored natural attenuation (MNA) can be an effective strategy in some cases,
engineered systems to enhance natural attenuation mechanisms and/or to limit further migration
to buy time for other system components to work are often necessary. Enhanced reductive
dechlorination of common chlorinated solvents is the most commonly used and cost-effective
strategy for accelerating dissolved plume remediation. The modeling approach presented here is
physically based yet computationally efficient and requires minimal empirical parameters that
must be calibrated using pilot tests or field scale data.
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4. DNAPL Source Remediation by Thermal Treatment

4.1 Overview

In situ thermal technologies for DNAPL source remediation have largely evolved from methods
developed for enhanced oil recovery applications (Schumacher 1980, U.S. EPA 2004, Kingston et
al. 2010). These technologies have been used to treat a wide range of volatile organic chemicals
(VOCs) including chlorinated solvents, non-chlorinated volatile organic compounds, petroleum
hydrocarbons, and semi-volatile organic compounds (Vinegar et al. 1999, Beyke and Fleming
2005, Truex et al. 2007). Thermal methods are often used to treat contaminant source regions
containing low solubility non-aqueous phase liquids (NAPLS), which are recalcitrant to many other
methods. Thermal technologies utilize heat to enhance the removal of contaminants from the
subsurface primarily by increasing the contaminant vapor pressure for VOCs and by decreasing
the viscosity of low volatility NAPL. Heating may also enhance contaminant removal by
increasing aqueous solubility, aqueous and vapor phase diffusion coefficients, and/or biotic and
abiotic decay rates. Depending on the operating temperature and contaminant properties, heating
may also decrease soil-water sorption coefficients and/or NAPL interfacial tension and liquid
viscosities.

In situ thermal technologies in common commercial use include thermal conductive heating (TCH)
that employs heating elements in wells to heat soil primarily by thermal conduction (Fan and Udell
1995, Hansen et al. 1998), electrical resistive heating (ERH) involving application of electrical
current to an electrode network to heat soil by resistive energy dissipation (Heron et al. 1998a and
1998b, Beyke and Fleming 2005, Powell et al. 2007), and steam enhanced extraction (SEE) which
heats the aquifer by steam injected into a network of injection wells with vapor and liquid phase
recovery from multiphase extraction wells (Wu 1977, Itamura and Udell 1993, Davis 1997, Davis
1998). Mass recovery rates during thermal treatment can be measured by monitoring mass
recovery rates in extracted vapor and liquid phases as applicable to the various technologies.

The total energy input required to achieve a specified cleanup objective is strongly dependent on
the boiling point of the contaminant(s) of concern, which depends on the chemical composition of
NAPL (if present) and boiling point(s) of the pure contaminant(s). Chlorinated solvents and other
chemicals can exhibit heterogeneous azeotropic behavior in which the boiling point of a NAPL-
water mixture is less than the boiling point of solvent or water alone (Gmehling and Onken 1997,
U.S. EPA 2004, Ponton 2009). The heterogeneous mixture boiling point may be estimated from
Dalton’s law of partial pressures as the temperature when solvent vapor pressure plus water vapor
pressure equals the ambient (atmospheric plus hydrostatic) pressure. After the co-boiling point is
reached, mole fractions of water and solvent in liquid and vapor phases will remain constant (in
the absence of mass transfer limitations) until the NAPL phase is depleted. Azeotropic boiling
points and mole fractions for several chlorinated solvents are shown in Table 4.1. For azeotropic
systems with a boiling point less than 100°C, the water-NAPL system boils first when the co-
boiling point is reached. After NAPL is boiled off, dissolved and adsorbed solvent will continue
to volatilize as the temperature gradually increases to the aqueous phase boiling point. Thus, most
solvent may be volatilized well before water reaches a full boil (contingent on spatial variability
in temperature and contaminant distribution), which may substantially reduce the energy
requirements in the absence of co-boiling behavior. However, if very low residual soil
concentrations are targeted, heating above the co-boiling point to the free water boiling point,
and/or holding the system at the target temperature longer may be necessary.
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Table 4.1. Azeotropic properties of selected chemicals in water (Ponton 2009).

Heterogeneous Azeotrope with Water

Solvent Pure substance Azeotropic Mass fraction of

Boiling Point, °C Boiling Point, °C solvent in water
Tetrachloroethene 121 86 0.83
Trichloroethene 87 73 0.94
1,1,2-Trichlorethane 114 86 0.84
Carbon tetrachloride 77 67 0.96
Methylene chloride 40 39 0.99
Benzene 80 69 0.91
Ethylbenzene 136 92 0.67
Toluene 111 85 0.80
m-Xylene 140 94 0.60

After a specific technology suited to site conditions is selected, heat balance calculations are
typically performed considering treatment zone geometry, well configurations, subsurface heat
transfer characteristics (heat capacity, thermal conductivity, advection rates), and cost and
remediation time tradeoffs associated with well spacing, heating rates and energy required to reach
the target temperature. Operational monitoring is employed to determine when remediation
objectives have been met and operation can be terminated. The most common criteria for thermal
system termination are maintaining a specified aquifer temperature for a defined period or reducing
the average contaminant soil concentration below a target level. We will focus on the latter because
knowledge of contaminant mass remaining after thermal treatment is an important variable to
predict effects of thermal treatment on downgradient dissolved plume attenuation (Rao et al. 2001).
Thermal system monitoring also commonly utilizes measurements of contaminant mass recovery
rates based on fluid flow rates and concentrations from recovery wells.

The design and operation of all in situ remediation systems is complicated by the high degree of
spatial and temporal variability inherent to geologic systems and by the hard reality that
characterization of this variability is difficult and costly. It is imperative to come to terms with
uncertainty and to design and operate systems with due consideration of uncertainty so that desired
outcomes can be achieved with acceptable probability. To manage noisy data, Levine (2010)
proposed comparing the upper confidence limit of a moving aquifer average of aquifer
concentration at a specified probability level with the compliance concentration as a criterion for
regulatory closure.

Remediation system design is to a great degree a problem of managing uncertainty. Conventional
approaches based on best estimates of system properties have a potential likelihood of failure to
meet remediation targets, to overshoot budgets or both. Considerable work has been performed on
optimization of long-term monitoring to trade off costs against the value of information (Loaiciga
et al. 1992, U.S. EPA 2000, Reed et al. 2000, U.S. EPA 2007). Stochastic optimization methods
employ Monte Carlo models to define probability distributions of remediation performance and
cost for a given design and use optimization algorithms to determine design variables that
minimize probability-weighted cost subject to performance constraints (Cardiff et al. 2010, Parker
etal. 2011).
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4.2 Thermal treatment model

4.2.1 Model formulation

In this section, we will describe a simple and computationally efficient model to estimate average
soil concentration of contaminant within a defined thermal treatment volume from field
measurements of cumulative mass recovery over time. The approach is applicable to most thermal
systems, with the exception of those involving high temperature thermal decomposition or
chemical destruction by oxidation, hydrolysis or other mechanisms. For SEE, estimation of
contaminant mass recovery rates over time requires monitoring and analysis of total fluids
recovered from multiphase extraction wells. For TCH and ERH, periodic measurements of gas
concentrations and flow rates from vapor extraction wells are required, although mass recovery in
extracted liquids may be necessary if groundwater extraction is performed to control advective
heat losses or to maintain hydraulic control. Total volatiles in extracted gas can be monitored
economically using photoionization detector and flame ionization detector sensors with occasional
sample analyses using more accurate gas chromatography units to provide speciation information
to calibrate sensor data. Time integration of mass recovery rates provides an accurate and cost-
effective means of determining cumulative mass recovery. Although commonly used to monitor
integrated recovery rates over entire thermal systems, subsets of recovery wells or even individual
recovery wells may be monitored separately to measure mass recovery from different areas within
a site at relatively low cost compared to soil sampling.

Thermal mass recovery versus time is often approximated using a normal probability distribution
model with a mean equal to the time when recovery rate is at a maximum (Atpeak), Which
corresponds closely to the mixture boiling point. However, since the normal distribution model is
symmetrical about the mean while elapsed time cannot be negative, a normal distribution that fits
data prior to Atpeak must predict essentially 100% recovery within 2 x Atpeak. FOr many sites, this
will significantly underestimate treatment duration. To describe recovery curves more accurately,
we propose to use a lognormal cumulative distribution function (CDF) in the form

M (t) = MN[IN(t); IN(At e ), S |+ Mt (4.1)

ext

where M(t) is the cumulative mass recovered from the treated region after operating duration t, Mo
is the initial mass in the monitored volume, Atpeak is the time to reach maximum recovery rate,
N[x;m, S] is the normal CDF of x with mean m and standard deviation S, Strerm IS the standard

deviation of the lognormal distribution, and M_, is a steady-state mass inflow rate to the monitored

zone from adjacent soil, e.g., due to groundwater flow. For small Stherm Values (<0.2), the lognormal
model closely approximates a normal distribution, but exhibits increasingly positive skewness as

Stherm increases. Mass recovery rate, M (t), can be computed by differentiating eq. (4.1). Making

use of the normal probability density function (PDF), N'[x;m,S]= dN[x;m, S]/dx, yields

dM(t) M
dt t

Normalized cumulative mass recovery and recovery rate versus time curves for the above model

with M, = 0 are illustrated in Figure 4.1 for a range of Stherm Values. As Sterm increases, the curves
become increasingly skewed to larger times.

M(t) =

© N[ In(t);IN(At ey ), Siperm |+ Mo (4.2)

therm
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Figure 4.1. Normalized cumulative mass recovery (top) and recovery rate (bottom) curves
for proposed model with a range of Stnerm Values.

The cumulative mass recovered and average soil concentration at a given time may be computed

from eq. (4.1) assuming no net accumulation dueto M, (i.e., M_is truly steady-state) as

Mrem(t) = I\/Io - M(t)

Cas\c/)él (t) — M rem (t) (43)
PooitV.

soil * soil

where Mrem(t) iS mass remaining at time t, posoit is soil bulk density, and Vsoil is the treated soil
volume. The rate of change of average soil concentration may be derived from eq. (4.3) as

dCqamy (1) _-M@® . (4.4)
dt psoilvsoil

An alternative method of estimating soil concentration from recovery data, independent of the
lognormal model, is to extrapolate the current recovery rate forward in time assuming a constant
rate reduction factor (i.e., second derivative of In recovery curve) as

MO (1+M, ) ~M ()
dr = :
psoilvsoil In(1+ Ivlln)

(4.5)

Csoil t - _
e ( ) J‘O /Osoilvsoil
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where M '(t) is the current observed mass recovery rate, M, =d(InM ")/ dt is the rate reduction

factor, an t is a dummy integration variable. We will address the magnitude and variability of M,
later.

4.2.2 Calibration of thermal mass recovery model

To apply the lognormal mass recovery model, values for Mo, Atpeak, Stherm and M_ must be

determined. A preliminary estimate of Mo may be taken as the product of the treatment zone
volume and average measured soil concentration or by more sophisticated geostatistical integration
methods. An estimate of Atpeak may be obtained from heat balance calculations during the design
process as the time to reach the contaminant co-boiling point. Refined estimates of Atpeak and Mo
as well as Sierm may be made by nonlinear regression of measured and model predicted cumulative
recovery and recovery rate versus time. We do not recommend attempting to estimate M_ by

nonlinear regression, due to the high likelihood of solution non-uniqueness, and suggest that a non-
zero M_, be considered only if the recovery curve clearly exhibits a non-zero asymptotic rate.

Since we are interested in behavior as soil concentration approaches the cleanup target, we
disregard data prior to reaching the peak recovery rate. Mass recovery data is analyzed as follows:

(1) Tabulate cumulative mass recovered and recovery rate versus operating time up to the most
recent measurement date. If operation is intermittent due to maintenance etc., deduct
downtime from calendar time to obtain operating time.

(2) Compute squared deviations between natural logarithms of measured and model-computed
cumulative recovery M(t) and of measured and model-computed recovery rates M’(t) for
each measurement date used for calibration.

(3) Sum squared cumulative mass recovery deviations multiplied by a weighting factor Wmass
and squared rate deviations multiplied by (1-wmass) to obtain an objective function.

(4) Apply a nonlinear regression algorithm (e.g., Excel Solver) to estimate Mo, Stherm and Atpeak
values that minimize the objective function. If multiple inflections in the recovery curve
are observed, fit parameters for each curve segment.

(5) Compute average soil concentrations from egs. (4.3) and (4.5) using calibrated parameter
values. Stop if termination criteria are met. Otherwise repeat steps 1-5 for the next
measurement date.

For real-time performance monitoring, regression analyses need not be commenced until the rate
of change of average soil concentration per day from eq. (4.4) is less than the target concentration.
Theoretically, optimal regression weights for cumulative mass recovery and recovery rate data
should be inversely proportional to their variances (Kool et al. 1987) as

W — In mass (46)

mass
S

Inmass

with a weight of 1— wmass for rate data where Sin mass iS the computed standard deviation between
In measured and In model-predicted cumulative mass recovery, and Sinrate is the value for measured
and predicted recovery rates. If subcategories of soil data were identifiable with different variances
(e.g., certain geologic facies), eq. (4.6) may be generalized as wWi=Sini"?/%;Sinj .
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Due to the large “noise” in rate measurements, model calibration is best performed using a two-
step procedure. For the step (or the first monitoring date that regression is performed), we advise
fitting only to cumulative recovery data using wmass=1. For the second step (or for regressions at
subsequent ending dates), we recommend fitting Mo and Stnerm vValues with Atpeak fixed at its initial
calibrated value using only the most recent 20-30 days of cumulative recovery with Wmass=0.5.

An Excel spreadsheet Thermal treatment model calibration.xIsx is available for calibrating
lognormal mass recovery model parameters (Appendix A).

4.2.3 Field verification of model

Data from eight thermal treatment sites (Table 4.2) were used to evaluate the lognormal recovery
model. PCE was the primary contaminant at all sites except Site 6 for which TCE was the main
contaminant. Nonlinear weighted regressions were performed to fit lognormal model parameters
to cumulative mass recovery and recovery rate data for each field site. Weights for mass recovery
and recovery rate data were taken as inversely proportional to data “noise.”

Due to much greater “noise” in rate measurements, relative weights for cumulative recovery data
(Wmass) were generally greater than 0.99. Given the low weight applicable to rate data and the
observation that rate data, even with low weights, tended to make convergence of the nonlinear
regression more difficult, we used wmass=1 for initial calibrations.

Initial calibrations were performed by fitting Mo, Atpeak and Stherm t0 a single mass recovery function
for the entire treatment duration for each field site. Fitted parameter values are summarized in
Table 2 along with Sinmass and Sin rate Values computed using the calibrated parameters. The results
(Table 4.2, Figure 4.2) show reasonably good agreement. Estimated Stnerm Values range from 0.2
to 0.8 for the various sites and appear to be uniformly distributed with an equal number of sites
having Stherm Values above and below 0.5.

The lognormal model predicts thermal treatment duration (Atrem) to be a function of Stherm, Atpeak,
Mo and target mass remaining Mrem. Figure 4.3 illustrates this relationship normalized as
Atrem/Atpeak Versus Mrem/Mo for Stherm Values from 0.2 to 0.8. To obtain a mass reduction of 99% to
99.99% (i.e., Mrem/Mo from 0.01 to 0.0001), Atrem/Atpeak ranges from approximately 1.6 to 2.1 for
Stherm = 0.2, from 2.5 to 4.4 for Stherm = 0.4, from 4.0 to 9.3 for Stherm = 0.6, and from 6.4 to 19.6 for
Stherm = 0.8. Note that Mrem/Mo is equivalent to the ratio of target average soil concentration to
initial average soil concentration. The results emphasize the strong dependence of thermal
treatment duration on Stherm as Well as initial and target soil concentrations.

Of the sites studied, half had Stherm Values less than 0.5 with actual treatment termination between
2 to 3 times Atpeak at model-estimated mass recovery ratios averaging 99.8%. The other half of the
sites, with Sterm Values greater than 0.5, exhibited marked positive skew in the recovery curves
and terminated at model-estimated mass recovery ratios averaging only 95% after operating for 2
to 4.5 times Atpeak. The results demonstrate the relative difficulty of achieving high recovery ratios
at sites with high Stherm values.

Closer inspection of observed and simulated mass recovery curves indicates multiple inflection
points for many sites, reflecting multiple recovery rate peaks. This may be attributed to operations
initiated on different treatment zones at various times, e.g., incremental startup of component
systems including pilot tests, to variations in well spacings or geologic properties that affect heat
or mass transfer rates, or to spatial variability in co-contaminants that affect boiling point. The
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behavior of multi-inflection sites may be modeled by superposition of multiple lognormal recovery
events — that is, by modeling each “event” by a different parameterization of eq. (4.1) and then
summing results for all events at each date (after converting from operating time to calendar time)
to obtain site-wide mass recovery curves, recovery rate curves, and average soil concentrations.

Table 4.2. Summary of M(t) model results for eight field sites.

Treatment Actual

Initial calibration

Final calibration

_ zone mass

Site Thermal volume recovery tuart tswop Mo  Atpeak Mo Atpea

ID Method (M%) (kg) (d) (d) (kg) (d) Sierm Sinmass Sinrate  (Kg)  (d)  Stherm Sinmass Sin rate
1 TCH 11,100 2,353 0 210 2,353 73 0.25 0.011 1.692 2,353 73 0.34 0.053 0.870
2 TCH 6,039 5,248 0 147 5248 55 040 0.024 0.710 5,390 55 0.52 0.048 0.604
3 TCH 78,000 75331 0 244 75,332 118 0.20 0.039 1.079 75,332 118 0.24 0.030 0.832
4 TCH 2,523 3,400 0 100 3,408 42 0.25 0.023 0.909 3,401 42 0.26 0.024 0.888
4a a 0 100 739 16 040 0.012 0.645 800 18 1.00 0.039 0.396
4b a 10 100 1,183 26 0.20 b b 1,209 24 026 b b
4c a 24 100 1,478 27 0.22 b b 1,400 25 020 b b
5 TCH 1,180 349 0 76 35 21 063 0.019 0412 35 21 0.68 0.023 0.391
5a a 76 95 0.90 0.023 0.356 95 0.90 0.023 0.356
5b a 17 76 270 0.70 b b 205 070 b b
5¢c a 33 76 205 25 0.99 b b 71 25 099 b b
6 ERH 13,340 528 200 570 78 0.65 0.035 0504 568 76 0.74 0.043 0.495
6a a 200 100 23 0.80 0.021 0.505 95 23 0.60 0.021 0.504
6b a 23 200 280 40 0.63 b b 280 40 063 b b
6¢C a 83 200 155 40 0.70 b b 160 40 070 b b
7 TCH 10,703 1,250 0 108 1,270 23 0.80 0.083 0.813 1,341 19 0.93 0.079 0.793
7a a 0 20 250 4 061 0.014 0.566 250 4 0.50 0.031 0.515
7b a 60 835 17 0.37 b b 835 17 044 b b
7c a 54 108 201 22 1.02 b b 195 22 087 b b
8 SEE 5,248 10,959 0 450 12,300 155 0.60 0.068 0.529 12,500 155 0.56 0.085 0.530
8a a 0 305 7,100 105 0.45 0.021 0.386 7,100 100 0.40 0.021 0.368
8b a 110 305 2,800 100 0.30 b b 2,700 105 025 b b
8c a 190 305 1,600 81 0.20 b b 1600 100 025 b b

a Total treatment zone volume for multiple "event" model is the same as that shown for single "event" model.

b Sinmass and Sin rate Values for multiple "event” model are aggregate values for the combined event model.
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Figure 4.2. Observed normalized cumulative mass recovery versus normalized time for eight
thermal treatment sites (data points) and model predictions (smooth curves) for single lognormal
distribution function.

Figure 4.3. Normalized duration of thermal remediation
vs. mass remaining for various Stherm Values.

For each added event, two additional model parameters are introduced to align calendar and
operating times, namely the stop time for the prior event tswop and the start time for the following
event tsart. We take tstop and tstart Values relative to the first start time (designated as zero), while
Atpeak Values are given relative to tstart for each separate event. Values for these parameters may be
operationally known. If not, they may be estimated during the calibration process.

Initial calibrations with wmass=1 were repeated using multi-lognormal models for five sites that
exhibited multiple inflections. Results for these calibrations are given in Table 4.2 with letters
following the site number to identify each lognormal event (e.g., 4a, 4b, 4c). A graphical
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illustration of cumulative mass recovery and recovery rate curves versus time for single- and multi-
inflection calibrations is given for Site 7 (Figure 4.4).

Initial calibration results reveal a tendency for calibrated parameters to under-predict recovery
rates at late times. Because small deviations in recovery curve tails may result in significant errors
in inferred final average soil concentrations, a final round of calibrations was performed to refine
asymptotic tail behavior. Only data from the last 20—30 days of recovery operations were used in
these regressions and more weight was given to recovery rate data using wmass = 0.5. This procedure
resulted in small increases in Sterm Values (Table 4.2). For single-event calibrations, Stherm Values
ranged from 0.2 — 0.8 for initial calibrations and 0.24 — 0.93 for final calibrations across all sites.
For multi-event calibrations, the range in average Sterm Values between sites was from 0.27 to 0.86
for initial calibrations and from 0.30 to 0.86 for final calibrations. Within multi-event sites, the
difference between maximum and minimum Stherm Values for the same site varied from a relatively
narrow 0.30 to a high of 0.86, indicating that while Swerm values for different areas within a site
are likely to be less variable than differences between sites, differences within sites may sometimes
be as great as differences between sites.

Uncertainty in estimated mass remaining using the recovery model depends on uncertainty in the
computed mass recovered as well as the asymptotic recovery, Mo. Standard deviations in In model-
predicted mass, Sinmass, and In recovery rate, Sin rae, Were computed from deviations between In
predicted and In measured quantities and are tabulated for each calibration in Table 4.2. As an
overall measure of model uncertainty, the root mean square error (RMSE) in In cumulative mass
recovery and In recovery rate was computed as

2 2 1/2
S _ ( SIn mass + SIn rate j
Inrmse . (47)

2

Average values of Sin mass, Sin rate, and Sinrmse are summarized in Table 4.3 for initial and final
calibrations of sites with single inflection points, for multi-inflection sites modeled with a single
inflection model and for multi-inflection sites modeled with a multi-inflection model. Not
surprisingly, the multi-inflection sites exhibited lower uncertainty when a multi-inflection model
was used. Final calibrations that used rate as well as mass recovery data to refine the initial
calibrations reduced uncertainty for all cases. We recommend using the two-step calibration
method as it is more robust than attempting to calibrate in a single step with rate and mass data.
The second calibration using mass and rate data produced a small increase in Sinmass and a larger
decrease in Sin rae yielding a net decrease in S rmse. Curiously, single inflection sites had
significantly higher error than multi-inflection sites calibrated with a single inflection model. We
attribute this to the small sample size and unique features of the individual sites. Across all
formulations, average Sin rmse IS about 0.50 with mass data only and 0.41 after calibration
refinement using rate and mass data.
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Figure 4.4. Cumulative mass recovery (top) and recovery rate (bottom) curves
for Site 7 for single- and multi-function calibrations.

Table 4.3. Mass recovery model calibration error for various cases.

Initial calibration

Final calibration

Calibration case Sinmass Sinrate Sinrmse  Sinmass Sinrate  Sinrmse
a. Single inflection sites 0.025 1.160 0.821 0.044 0.769 0.544
b. Multi-inflection site treated as single 0.046 0.633 0.449 0.051 0.619 0.440
c. Multi-inflection site treated as multi 0.018 0.492 0.348 0.027 0.428 0.303
d. Best site model (cases a and c) 0.021 0.742 0525 0.033 0.556 0.394
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4.3 Performance monitoring
4.3.1 Soil monitoring data accuracy and uncertainty

Three of the study sites (1, 4, and 5) had soil concentration measurements before and after thermal
treatment that can be used to estimate initial and final contaminant mass and its uncertainty for
comparison with estimates from mass recovery data. Prior to undertaking this comparison, we wish
to consider the estimation of mean concentration and its confidence limits from soil concentration
data, as there are many factors that must be considered to avoid, or at least limit, errors.

The following methods were used to compute two-sided 95% confidence limits for initial (pre-
remediation) and final (post-remediation) average soil concentration.

Method 1 — Normal distribution model. This approach is well known and is often used by
remediation contractors. Confidence limits are computed as

S

Mo, =M*t(a,ng,)—— (4.8)
\’ nsmp

where m = average(Xu,...,Xnsmp) and S= stdev(xu...,Xnsmp) are the arithmetic average and standard

deviation of soil concentration measurements on nsmp soil samples, m, ,=m,., , is the lower

confidence limit of the mean value computed with a negative sign on the right hand side,

MycL » =M. . 1S the upper confidence limit computed with a positive sign, and t(e, n) is the

two-sided t-value for probability level a.

Method 2 — Lognormal distribution model. This approach accommodates the asymmetric

nature of positively skewed high variance populations. Confidence limits of the arithmetic
mean concentration are computed from the lognormal model as

My , = exp{ln m+t(a,ng,) S ] (4.9)
n

smp

where m is the arithmetic average concentration computed as m = exp(min + 0.5Sin) where min
= average(Inxa,...,INXnsmp) and Sin = stdev(Inxa,..., INXnsmp).

Method 3 — Alternate lognormal model. Although the lognormal model is a more realistic
approximation of high variance populations, estimates of the arithmetic mean from lognormal
model parameters can be sensitive to deviations from the lognormal model especially in the
tail (Reiman and Filzmoser 2000) or to truncation of non-detects (Helsel 2010). Method 3 uses
eq. (4.8), but instead of computing the arithmetic mean m from lognormal parameters, it is
computed as in Method 1.

Omitting non-detect values from statistical calculations can result in overestimation of the sample
mean and underestimation of variance (Helsel 2010). Including non-detects for statistical
calculations with values set at the detect limits will somewhat attenuate errors in sample means,
but may do little to attenuate underestimation of variance. Setting non-detects below the detection
limit will reduce lognormal statistics errors for analyses involving single contaminants as in the
present case. Normal distribution means (arithmetic averages) and standard deviations are less
sensitive to the treatment of non-detects than lognormal statistics.

4-11



Analyses of synthetic lognormal datasets with an Sin of about 2.5 (typical for field sites) were
performed to evaluate handling of samples below detection limits by assigning nondetects a
numerical value equal to the detection limit times a factor F. For datasets with about 20%
nondetects, arithmetic averages were insensitive to F, while Sin values were most accurately
estimated using F values between 0.1 and 0.5 (0.2 was optimal). With 40% nondetects, average
values remained insensitive, while the sensitivity of Sin values to F increased. The most accurate
results were obtained using F=0.1 (Sin was underestimated by 25% using F=0.5). For greater than
50% nondetects, it was not possible to obtain accurate averages and Sin values using a single F
value. With 80% nondetects, the best compromise was obtained using F=0.001, which
underestimated the average value and overestimated Sin, but yielded similar 95% confidence limits.
For the present study, F=0.1 was used to assign numerical values to all reported nondetects.

Average soil concentrations from soil sampling rounds prior to thermal treatment for the three sites
were computed by each of the above methods and multiplied by estimates of dry soil mass within
the treatment volumes to determine total pre-remediation contaminant mass (Mo) and their
confidence limits. Confidence limits of pre-remediation mass estimates were also computed from
the M(t) model for comparison with soil-sample—based values by

M.c , =exp(InM £t(cr,0)S (4.10)

Inrmse )

whereM ., , =M, . is the lower confidence limit of the mean value computed with a negative

sign on the right hand side, M, , =M., is the upper confidence limit computed with a positive

sign, Mo is the calibrated pre-remediation mass summed across all treatment zones, and Sin rmse IS
the RMSE for the final single inflection model calibration for Site 1 and the final multi-inflection
model calibrations for Sites 4 and 5.

Estimates of Mo and its confidence limits for the above methods are tabulated in Table 4.4 along
with measured total mass recovered during thermal treatment. Not surprisingly, the M(t) model
yields estimates of pre-remediation mass with narrow confidence limits consistent with actual
recovery data from which model results are derived. Best estimates of contaminant mass using soil
concentration data with Method 1 consistently underestimate actual recovery. Upper and lower
confidence limits appear to have a downward bias compared to actual recovery, as expected for
data with positive skew. Method 2 best estimates consistently over-predict actual recovery by 6 to
450%. Lower and upper confidence limits appear to be biased high. The lower confidence limit
for Site 1 using Method 2 exceeds actual recovery by a factor of nearly 3. Method 3 shows the
least erratic behavior with confidence limits that bracket actual recovery.

The results suggest that the soil data exhibit greater positive skew than the lognormal model
accommaodates, resulting in an inconsistency between the actual arithmetic mean soil concentration
and the mean inferred from lognormal model parameters. Method 3 largely avoids this discrepancy
by using the actual arithmetic mean. Some of the observed differences in mass estimates may be
due to averaging data with equal weights for all data points. Geostatistical methods might reduce
such errors, although it was not possible for the data sets considered, since sample coordinate
information was not available. It is also possible that the selection of sampling locations itself was
biased.
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Table 4.4. Comparison of pre-remediation contaminant mass estimated using various methods of
averaging soil concentration data versus estimates from cumulative mass recovery.

Estimated mass in treatment zone prior to remediation (kg)

Soil data Final
No. Calibration Actual
Site samples Parameter Method 1  Method 2  Method 3 Eq. (4.3) recovery
1 78  Mean value or 1,645 13,122 1,645 2,353.5 2,353.4
best estimate
95% LCL of mean 1,004 6,877 862 2,353.4 -
95% UCL of mean 2,286 25,038 3,139 2,353.7 -
4 124  Mean value or 1,616 3,617 2,417 3,401.6 3,400.6
best estimate
95% LCL of mean 463 2,113 1,412 3,401.2 -
95% UCL of mean 2,769 6,189 4,137 3,402.4 -
5 46 Mean value or 282 445 354 349.2 349.2
best estimate
95% LCL of mean 2 226 180 351.9 -
95% UCL of mean 561 876 697 356.3 -

Table 4.5. Estimates of post-remediation average soil contaminant
concentrations based on various methods.

Average soil concentration (mg/kg)

Soil data M(t) model
No. Initial Final  Recovery rate
Site samples Parameter Method 1 Method 2 Method 3 Calibration Calibration extrapolation
1 58 Mean value or 2.407 0.256 2.407 0.009 0.093 0.123
best estimate
95% LCL of mean  -1.398 0.147 1.383 0.002 0.028 0.023
95% UCL of mean  6.212 0.446 4,191 0.045 0.307 0.654
4 14 Mean value or 2.600 110.071 2.600 0.044 1.042 0.978
best estimate
95% LCL of mean  -0.657  12.038 0.284 0.004 0.603 0.250
95% UCL of mean  5.857 120.694 13.223 0.476 1.800 3.824
5 85 Mean value or 0.286 0.077 0.286 9.707 4.383 2.102
best estimate
95% LCL of mean  -0.013 0.046 0.171 5.921 2.718 0.542

95% UCL of mean  0.584 1.211 1.420 15.915 7.067 8.150
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For example, if sampling focused on identification of “hot spots” upward bias would likely occur.
Unintended bias may be avoided using pseudo-random sampling algorithms (ITRC 2012).

Post-remediation average soil concentrations and confidence limits are tabulated in Table 4.5 for
the same sites based on the three soil data analysis methods, the M(t) model (eq. 4.3), and the rate
extrapolation method (eqg. 4.5) Calculations for the rate extrapolation method were performed

using moving averages of measured recovery rates to attenuate noise. Values of M, in eq. (4.5) at
termination dates ranged from about -0.5 to -0.01, which were used to estimate a range of C**!

avg

roughly interpreted as 95% confidence limits at the time thermal treatment ceased.

Although the M(t) model and recovery rate extrapolation method are based on the same underlying
data, the assumptions and computational approaches are very different. Reasonable agreement
between the M(t) model and the recovery rate extrapolation method support the validity and
accuracy of both methods. The difference between the initial and final calibration results indicates
that model refinement to weight late time mass and recovery rates is important to obtain accurate
estimates of mass remaining.

Method 1 confidence limits are clearly unreliable as all three cases show physically impossible
negative lower confidence limits. Method 2 results are erratic. The Method 2 lower confidence
limit for Site 1 exceeds the value based on mass recovery, while the Site 5 upper confidence limit
is less than the concentration estimated from mass recovery methods. Site 4 confidence limits
using Method 2 are far above the value inferred from mass recovery data. Method 3 results do not
appear to be much better.

All three methods of analyzing soil concentration data yield final average soil concentrations that
are at least an order of magnitude lower than those obtained from mass recovery data for Site 5. It
IS tempting to conjecture that the mass recovery methods are overestimating the final average
concentration for Site 5 rather than the converse. However, a quick look at the mass recovery curve
for Site 5 (Figure 4.2) reveals that the curve was still climbing rather steeply at the time treatment
was terminated and would likely have taken another several weeks to flatline. The measured
recovery rate on the last day of operation for Site 5 was just under 0.5 kg PCE per day, suggesting
on the order of 5 kg of PCE was remaining in the system at termination. Dividing this by the
estimated soil mass in the treatment zone (9.5x10° kg) indicates the average soil concentration was
about 5 mg/kg when terminated, which is far greater than the average concentration of 0.067 mg/kg
estimated from soil data by Method 3.

Surprisingly, the reliability of average soil concentration results shows no evident relationship with
the number of soil samples. While confidence interval widths increase substantially from Site 5,
which had 85 samples, to Site 4 with only 14 samples, the most egregiously erroneous best estimate
occurred for Site 5, which had the most samples. Results based on soil concentration data indicate
that while numerical precision improves with more samples, the accuracy does not necessarily
converge to full-scale reality. For confidence limits of Site 5 to bracket the average soil
concentration estimated from mass recovery data, a residual In error of about 2 would need to be
added to Sin/nsmp*’? in eq. (4.9). In most cases, a term of this magnitude would be greater than
Sin/nsmp/? even with a small number of samples. Perhaps Site 5 is an anomaly, but the large number
of eccentric results for the three sites (Sites 1, 4, and 5) do not engender confidence in the reliability
of contaminant mass estimates based on soil sample data.
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The foregoing indicates that estimates of average soil concentration from soil sample data exhibit
large uncertainty. Uncertainty associated with estimates based on mass recovery data is generally
lower, but still significant. Furthermore, Sierm Values exhibit significant a priori uncertainty which
has a large effect on treatment duration to reach a given cleanup objective. While Stnerm Values can
be progressively refined by regression analyses as treatment progresses, uncertainty in treatment
duration, and hence cost, associated with both measurement and model uncertainties should be
factored into treatment design, as discussed in the following sections.

4.3.2 Monitoring strategies and termination criteria

As stated previously, the objective we adopt for thermal treatment is the commonly used criteria
that contaminant mass in the source zone should be reduced below a value corresponding to a
specified average soil concentration, which may be stated as

Cson Csonl

avg = stop

(4.11)

where C2/'is the arithmetic average soil concentration in the source zone andC) is a stipulated

cleanup target. In practice, difficulties arise in the application of eq. (4.11) because the true value
of C*"is never known exactly. If we compute the average value of soil concentration from a

avg

number of soil samples, C" and substitute this value for the true C="in eq. (4.11), there will

avg smp ! avg
be a substantial likelihood of erroneously terminating treatment before the target criterion is met
owing to deviations between C*' _andC".

avg smp avg
A practical way to contend with this uncertainty is to employ the statistical termination criteria
ClaL . <Cop (4.12)

stop

where C2  is the upper confidence limit of estimated average soil concentration at exceedance
probability « (i.e., significance level). SinceC32l ,>C2' for any o>0.5, eq. (4.12) is a more

avg smp

stringent stop criterion than eq. (4.11) when C®' is implicitly substituted for C*"'. The

avg smp avg
difference betweenCs%, ,andC3y', is a safety factor to reduce the likelihood of an erroneous
decision to terminate early.

High variance properties of quantities that are physically constrained to be non-negative, such as
contaminant concentration, necessarily exhibit positively skewed distributions. Normal probability
distributions cannot describe such behavior. Lognormal distributions capture the major features of
such data and are commonly used as a mathematically expedient approximation. If the average
concentration is estimated from nsmp soil samples, then

Coa o =exp(In(C oy )+t (e, N) S /0y ) <Cn (4.13a)
which may be rearranged to yield a termination criterion in terms of Cas\‘j;' smp FOF Nsmp SOil samples
soil soil soil
co o< exp(ln (Com) -t (aN)SEE /g ) (4.13b)

where C2" s the arithmetic average for nsmp samples, S is the standard deviation of In

avg smp Insmp

concentration values, and g(a, N) is the t-value for one-sided significance level a with N degrees
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of freedom. IfS*" _is computed from the nsmp samples then N=nsmp—1, while if S*" is based on

Insmp Insmp
prior site characterization data or experience with other sites, then N =oo. Note that for «
= 0.05, which denotes the 95% upper confidence limit, t1 is 1.64 with N = oo, while for a=0.5 t1

is 0, in which case C32l =CX"'_ " indicating an equal probability of over- or under-estimating the

avg smp

average value. Egs. (4.13a) and (4.13b) are approximate because the actual probability distribution
will not exactly follow a lognormal curve (Reimann and Filzmoser 2000) and because they assume
uncertainty in the arithmetic average concentration has the same variance as the geometric mean.

As an example, consider a site with a cleanup target C2"

stop

of 1 mg/kg. It is planned to take nsmp=20
soil samples to assess whether the objective has been met. Assume a prior estimate of S®! =29,

Insmp
If we want a 95% probability (a = 0.05) that the actual average soil concentration will be less than
1 mg/kg when we terminate treatment, then t1=1.64 and eq. (4.13) indicates that the average
concentration C*' _ computed from 20 samples needs to be less than 0.345 mg/kg to achieve the

avg smp
desired reliability. If we increase the number of samples to 50, we could terminate with the same
confidence when C' < 0.510 mg/kg.

avg smp

An alternative to termination based on soil sample measurements is to estimate average soil
concentration from cumulative mass recovery data as described by eq. (4.3). Since mass recovery
data is intrinsically integrated over a defined bulk soil volume Vsil, N0 sample averaging operation
is required and eq. (4.13) can be modified as

CltL o = exp(ln [M—} +t(a, oo)S.'n“] <Cgp (4.14)
psoilvsoil

where Mrem = M(t)—Mo is the best estimate of mass remaining based on recovery data, and S is
the standard error of the natural log of mass remaining.

An important aspect of the statistical stop criteria is that C;% _ decreases with decreasing
measurement uncertainty (S

Insmp

for soil data and S;* for mass recovery data) and with increasing

number of soil samples, which allows earlier termination of heating at a given confidence level.
As we have shown, S/*<<S*" which lends a significant advantage to mass recovery data for

Insmp ?
termination decisions. For decisions based on soil data, increasing the number of samples reduces
uncertainty in principle (assuming unbiased sampling), which allows earlier termination and
reduces heating costs. However, this benefit must be balanced against higher sampling costs.

The foregoing statistical stop criteria may be applied to an entire thermal treatment volume to
terminate operation of all heating units simultaneously. Alternatively, since time to reach C*" will

avg
vary spatially, it may be possible to reduce operating costs by applying stop criteria independently
to smaller regions to terminate heating earlier in areas that reach cleanup objectives sooner. For
example, anticipating that regions with higher initial contaminant concentrations are likely to take
longer to cleanup, a system designer may consider dividing a site into multiple treatment zones
(TZ) based on ranges of pre-remediation soil concentrations determined from soil boring data. It
may also be cost advantageous to further divide TZs into multiple monitoring zones (MZ). The
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total number of MZs may thus range from 1 to a value equal to the number of MZs per TZ summed
over all TZs.

Tradeoffs will arise when trying to optimize the number of TZs and MZs. Specifically, while more
TZs and/or MZs offer the possibility of cost savings by terminating heating earlier for areas that
clean up more quickly, more total soil samples and/or more mass recovery measurements (and
associated plumbing) will be needed to make reliable decisions at smaller scales. The potential
savings from early termination may thus be offset by additional monitoring costs.

UCL values at each decision scale will increase as the number of soil samples per sampling event
increases, making it easier to meet stop criteria at a prescribed probability level. Increasing the
number of soil samples thus enables earlier system termination, but there will be a trade-off
between the cost for additional samples versus operating cost reductions for earlier termination.
Similarly, increasing the frequency of sampling will enable heating to be terminated earlier on
average, which is likely to produce some savings, but at the expense of greater sampling costs.
However, sampling and analytical costs are typically small relative to other operating costs,
making a net cost reduction likely. Increasing the number of MZs also has the potential to reduce
operating costs by terminating some areas sooner at the cost of more measurements. Additional
performance monitoring variables that will affect decision uncertainty and cost include the number
of MZs per TZ, the number of locations sampled per sampling event within each MZ, the number
of depths sampled per boring during each sampling event, the initial date for soil sampling, the
time interval between sampling events, and the choice of measurement methods (i.e., soil samples,
mass recovery data, or both). Optimization of performance monitoring parameters may be used to
minimize total cost for specific site conditions, as discussed in the following section.

MZ stop criteria that apply when soil and/or mass recovery data are used to make individual MZ
termination decisions may be obtained by statistically pooling information from both soil and mass
recovery data. If mass recovery data is employed, then mass recovery must be monitored
independently for each MZ. The standard deviation of individual In soil concentration

measurements within TZi is characterized by S;7°. and we assume that all MZs within a given TZ

have the same uncertainty (assuming random sampling locations). Different measurement types
are weighted inversely proportional to their variance (Kool et al. 1987) and the pooled standard
deviation is computed as a weighted root mean square.

The pooled data termination criteria for an entire TZ can be computed from the volume-weighted
average MZ soil concentrations within the TZ and its pooled standard deviation and site-wide
termination criteria may be obtained by upscaling TZ statistical parameters in the same manner,
as described in the following section.

4.3.3 Statistical criteria for pooled data

The protocol proposed for making equal reliability site-wide, treatment zone and monitoring
zone termination decisions is
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IF Cif o < Cinp s - THEN terminate all zones
ELSE
-FORTZ i=1... Ny,
IF & . = Chy e » THEN stop treatment for TZi
ELSE
FOR MZ j = 1---N1{Z
IF Cit\zi SCZ e - THEN stop treatment for MZj in TZi
CONTINUE
-CONTINUE

where Cupgﬁ'g,oba, IS a site-wide upper confidence limit based on statistically pooled soil sampling

and mass recovery data (discussed below) across all TZs and MZs, C%, . is the value computed
using pooled data from all MZs within TZi, C2* . is the value from pooled data from a single

UCL MZ ij
MZj within TZi,C3} ... 1S asite-wide cleanup criteria specified by the site owner in consultation
with regulators, and C3' ., is a termination criteria for individual TZs or MZs that may be equal

to or less than C3 .-

which case no individual zones will be terminated early.

Specifying ¢ =0 effectively disables local termination criteria, in

stop local

The MZ stop criteria that apply when soil and/or mass recovery data are used to make individual
MZ termination decisions may be obtained by statistically pooling information from both soil and
mass recovery data. If mass recovery data is employed, then mass recovery must be monitored
independently for each MZ. The standard deviation of individual In soil concentration
measurements within TZi is characterized by S’® and we assume that all MZs within a given TZ

have the same uncertainty (assuming random sampling locations). Different measurement types
are weighted in inverse proportion to their variance (Kool et al. 1987) and the pooled standard
deviation is computed as the weighted root mean square, yielding the following criteria for
termination of MZj within TZi

legil Mzij (a) = exp(ln C;:/(;OII\/IZij + t1 (0(, OO) Slr’:(l)\(lljlzij ) < Csst?)i,i local (4153.)
where
pool Smp smp smp M Gﬁu
InC g mzij = Wiz 1N Cog izig + A=Wz ) In| ——=—— (4.15b)
soil © MZij
-1/2

pool nlfﬂn;?j |

Sinmzij = o \2 + rI:CC 3 (4.15¢)
(SInTZi ) (Sln )
Nyizi
2

o Sz

Wiz = nsmg ) : (4.15d)

MZij + rec

(sie ) (s=)
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in which CJ¥,.; is the average concentration for ni7 soil samples from MZij, M7, is the

estimated mass remaining in MZij from mass recovery data with uncertainty S, Vwmzij is the bulk

In ?
volume of MZj within TZi, w7 is the relative weight (certainty) for soil data and thus (1- w7
for mass recovery, S’ is the prior estimate of standard deviation for In concentration data
applicable to TZi, and lrec is an indicator equal to 1 if mass recovery data is used or O otherwise.
Note that when only soil data is employed, wyx =1 and when only mass recovery data is used
Wy = 0. Values of Sp™, may be estimated from samples within individual treatment zones
collected during source characterization as the standard deviation of In measured concentrations.
In rough terms, if about 2/3 of measurements (i.e., £ one standard deviation) in a TZ are within a

factor of 10 (e.g., 1-10, 10-100), S>™, = In(10)/2 = 1.15. For measurements within a factor of
100, ss™_ =~ 1In(100)/2 =2.30.

In TZ

The pooled data termination criteria for an entire TZ can be computed from the volume-weighted
average MZ soil concentrations within the TZ and its pooled standard deviation as

legil TZi (C() = exp(ln Ca?/(;OITZi + tl (0{, OO) Slsslgli ) < Csst(())i[; local (416&)
Npzi
00l
Z psoiIVMZijCaE/g MZij
Clvra = (4.169)
psoiIVMZij
=1
Ny -1/2
00 V 00| -2
SIETZIi = ( (SIEMIZij) j (4.16c)
=1

Note that the summation in eq. (4-16b) includes MZs in which heating may have terminated earlier,

in which case C2¥,,; is the value from eq. (4.16b) for the last sampling date prior to termination.

Finally, the site-wide termination criteria may be obtained by upscaling TZ statistical parameters
in the same manner as egs. (4.16a) — (4.16c) yielding

legilglobal (a) =exp ( In Ca?/(;oiqlobal +1, (e, 0) S|ﬁ‘;?Lba| ) < C;‘g; global (4.17a)
NTZ
Z PsoitVrzi Ca?/(;OITZi
Caﬁlzoglobal == N (4.17b)
; PsoitVrz

NTZ _ -1z
Slgogllobal = (Z(Sﬁozlu) Zj (4.17c)

i=1

where V1zi is the bulk volume of TZi.
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In addition to termination decisions at the MZ level (smallest decision level), we may concurrently
apply termination rules at the TZ level to terminate all MZs within a TZ based on their aggregated
data, or at the site level to terminate all TZs (and their MZs) based on aggregated data for the entire

site. Note that since nsmp for an entire TZ is equal to the sum of nsmp values for its MZs, C5% _ for

a TZ based on soil data will always be lower than that for the individual MZs. Therefore, it may
be possible for an entire TZ to meet its aggregated termination criteria before the individual MZs,
or likewise for site-wide criteria to be met before individual TZs.

The following decision logic is proposed for making termination decisions at various scales after
each measurement/sampling event:

1. Tabulate and analyze the most recent sampling/monitoring data

If CJRY qova < Cap v then terminate treatment in all TZs and MZs

If Cp%' <c2t  then terminate treatment for TZi

stop local
If TZi has multiple MZs and Cj; \,; < Ceop 1oca then terminate treatment for MZj
Repeat step 4 for all MZs in TZi

Repeat steps 3-5 for all TZs
Repeat step 1-6 for next sampling/monitoring event until all treatment is terminated

Noo &~ 0w N

where ngﬁ'g,oba, is a site-wide upper confidence limit based on statistically pooled soil sampling

and mass recovery data across all TZs and MZs, C2%' . is the value computed using pooled data

from all MZs within TZi, C[&',,,; is the value from pooled data from a single MZj within TZi,

Coan giobal IS @ site-wide cleanup criteria specified by the site owner in consultation with regulators,
and Cgol .. i @ termination criteria for individual TZs or MZs that may be equal to or less than
Csoil

stop global *

An Excel spreadsheet, Thermal treatment termination decisions using real time data.xlIsx, is
available to track performance monitoring data and make real time MZ, TZ and site-wide
termination decisions using mass recovery and/or soil concentration data measured in MZs based
on the above statistical upscaling protocol. The spreadsheet also implements methods to
incrementally calibrate thermal mass recovery models for each MZ (Appendix A).

4.4 Design optimization
4.4.1 Optimization approach and cost function

We have identified various factors that will affect the performance reliability and cost of thermal
remediation—some of which are inherent properties of the site and others that can be manipulated
and hence treated as design variables. Due to the large number of factors, uncertainty in true values
of many properties, and complexity of interactions, ad hoc design approaches are likely to be
suboptimal in terms of performance and/or cost. We wish to evaluate potential performance
improvement and cost reductions for thermal treatment associated with various monitoring
strategies by application of SCOToolkit to perform optimization analyses to determine design
parameters that minimize expected (i.e., probability-weighted) total cost to meet specified
remediation criteria taking into consideration uncertainty in measurements and model predictions.
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Our focus here will be on optimization of monitoring parameters to meet specified source cleanup
objectives without explicit consideration of downstream plume behavior.

Each Monte Carlo simulation considers equally probable realizations of thermal model parameters
(e.9., Mo and Stherm) with termination decisions based on “noisy” data. At the termination of each
realization, the performance and cost is evaluated and an optimization algorithm is used to
iteratively adjust specified design variables to minimize the “expected” (i.e., probability-weighted
average) cost.

To encourage the optimization algorithm to identify design parameter values that have a high
probability of meeting remediation objectives, the optimization objective function adds a user-
defined “penalty cost” for each Monte Carlo realization if the “true” site-wide average soil
concentration (i.e., with “noise free” measurements) exceeds the global stop criteria. The penalty
cost may be a real cost, for example the anticipated cost to implement “Plan B” if the initially
proposed approach fails (e.g., a plume containment system) or it may be a fictitious value selected
to yield a desired probability of success. Design parameters are determined to minimize the
expected cost including any penalty costs. However, the penalty cost is not included in reported
expected costs for optimized designs.

The total cost $twtar for thermal treatment for each realization is computed as

&otal = $cap +$op +$m0n (418&)
NTZ
$op = M rec $mass + Atsite ($SiteOp/day + Zi:l fop i$TZop/day i ) (418b)
Nz
$mon = Zi:l {NMZi $Manp + NMZi Atsite fopi$MZ/day
Nz (4.18¢)

+Z Nsmp events ij Nboring/MZi ($boring + Nsmp/boring $soil smp )}

j=1

where $cap is the capital cost excluding fixed costs for monitoring equipment ($k), $op is operating
costs excluding performance monitoring, $mon is monitoring cost ($k), Atsite is the site treatment
duration (site-wide max duration for all MZ values in days), $sitop/day is the site-wide operating
cost per day ($k/d) for activities that depend on the total treatment duration (e.g., vapor treatment
system operation), Mrec is the total mass of contaminant recovered (kg), $mass is the treatment cost
per unit mass ($k/kg), $rzopiday i is the operating cost per day for TZi when all heating wells are
operating ($k/d), $mzcap is the cost per MZ for equipment to monitor cumulative mass recovery
(%K), $mziday is the cost per day per MZ to monitor cumulative mass recovery ($k/d), Sooring is the
cost per soil boring ($K), $soil smp is the cost per soil sample taken from a given boring ($k), Ntz is
the number of TZs, Nwzi is the number of MZs in TZi, Nsmp events ij IS the number of soil sampling
events for MZj in TZi, Nooring/vzi IS the number of soil borings per MZ in TZi for each sampling
event, Nsmp/oring 1S the number of soil samples per boring, and fopi is a cost reduction factor for TZi
due to incremental MZ termination computed as

[N

.MZ| AtV .
T 4.18d
i ALV ( )

site © TZi

where Atjj is the duration of heating for MZj in TZi. After a decision is made to terminate heating
site-wide or in a MZ or TZ, fluid recovery operations will generally be continued for some time.
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To compute operating costs during optimization simulations, a user-specified lag time is added to
modeled termination signal dates to account for delays in shutdown of all relevant system
components.

Unit cost values may be determined from cost analyses performed by a thermal remediation
contractor. Based on soil and aquifer characteristics, contaminant type and contaminant
distributions from site characterization studies, the contractor will first identify the most
appropriate thermal technology (ERH, TCH, SEE) and configurations of heating and vapor and
liquid extraction wells for ERH, TCH or steam injection for each TZ. Unit costs for performance
monitoring ($mzcap, $mziday, $boring, $soitsmp) and treatment ($mass) can be estimated directly. The
remaining cost variables ($cap, $siteoprday, $1zopday) can be determined from sensitivity analyses. For
example, for a site with two potential TZs, the following cost estimates may be made.

(1) Compute cost $aan to design, implement and operate a system with two TZs for a duration
Ata (e.g., Atpeak) With all heating units and recovery wells operating continuously,

(2) Compute cost $oanin the same manner as step 1 but for a longer duration Aty (e.g., 2Atpeak),

(3) Compute cost $v1 in the same manner as step 2 except with a fraction forr of heating units
turned off in TZx after Ata,

(4) Compute cost $v2 in the same manner as step 2 except with a fraction forr of heating units
turned off in TZ2 after Ata,

where all costs exclude performance monitoring. Unit costs may be computed from the cost
sensitivity results as

$p =8, - A, —$Z‘;” :iat“" (4.192)
b a

$bAII _$0'
$ = ' 4.19b
Pl f (AL, —AL) (4.190)

Nz
_ $nAu _$aAII _Z$T20p/dayi (4_19(_;)

SiteOp/day —
AL AL, o

The logic may be extended for additional TZs by performing additional cost sensitivities in the
manner of steps 3 and 4 above. A spreadsheet, Thermal treatment unit cost calcs.xlIsx, is provided
to compute unit costs from the foregoing cost sensitivity results (Appendix A).

4.4.2 Example problem description

We consider a hypothetical problem involving thermal treatment of a DNAPL PCE source in an
unconfined aquifer using TCH. The site consists of 1.5 m of gravelly fill over interbedded silt and
clay with some sand lenses to a depth of 9.1 m, and with clay from 9.1 to 12.2 m over bedrock. A
water table occurs at 4.5 m with an average darcy velocity of 0.2 m/yr. Three treatment zones were
identified based on site characterization data (Figure 4.5, Table 4.6). Thermal treatment is planned
using TCH from the surface to the maximum observed PCE depth of 4.6 m.
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The site cleanup objective (Cg] .. ) 1S t0 achieve average soil concentration over the entire

treatment volume <1 mg/kg. Optimization analyses that couple thermal treatment and dissolved
plume migration could be used to determine the most cost-effective approach to meet groundwater
criteria (Parker et al. 2010, 2012). However, we focus here solely on optimizing thermal treatment
operational variables based on a specified soil cleanup criterion.

Contaminant mass in each TZ (Mo1z) for each Monte Carlo realization prior to commencing
thermal treatment is generated assuming a lognormal distribution as

MOTZ = psoiIVTZ eXp(rnlnsoil TZ + SIn Mo Nrand (O’l)) (420)

where V1z is the bulk TZ volume, m,, . - iS the mean In soil concentration in the TZ computed as

(In Cmax + In Cmin)/2 based on values in Table 4.6 assuming Cmaxand Cmin represent +/- one standard
deviation confidence limits of a lognormal population, S,,,, is the In standard deviation of Mo

which is assumed to be 0.7, and Nrand(0,1) is a normally distributed random variable with zero
mean and unit standard deviation. If TZs are divided into multiple MZs, the initial mass in the j®
MZ is generated such that the total equals Motz. Based on results from the eight field sites discussed
previously, Sterm Uncertainty is characterized by a uniform distribution with a range from 0.2 to
0.8.

The number of heating and vapor recovery wells and related infrastructure for the example problem
were determined based on heat balance calculations taking into consideration capital and operating
cost tradeoffs with continuous heating. The number of heating wells (N1w) and vapor recovery
wells (Nvw) for each TZ and unit cost values computed from cost sensitivity analyses (see
Appendix 4.3) are summarized in Table 4.6. The estimated time to reach the PCE azeotropic
boiling point, Atpeak, for the design was 65 days, which is treated as deterministic in Monte Carlo
simulations. Vapor recovery is assumed to continue for 2 weeks following termination of heating
at all wells.

I{ﬁ Zone 1

2~20 mg/kg
Zone 2
20~200 mg/kg
20 ft

Figure 4.5. Plan view of treatment zones for optimization problem.
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Table 4.6. PCE soil concentration ranges, numbers of heating and recovery wells
and unit costs multiple TZ and single TZ cases for example problem.

TZs for multi-TZ cases Single
Variable 1 2 3 TZ cases
TZ area (m?) 609 288 121 1018
Chmin (mg/kg) * 2 20 200 2
Cmax (mg/kg) * 20 200 2000 2000
Number of heating wells 54 25 13 92
Number of recovery wells 18 9 5 32
$12 opiday ($K) 2.015 0.933 0.485 3.433
Costs independent of TZ

$eap ($K) 1,953.0
Psiteoprday ($K) 2.137
Pmass ($k/kg) 0.0055
$Manp ($k) 0.200
Smz/day (Sk/d) 0.020
$ooring ($K) 2.175
Psoil smp ($k) 0.280

* Cmin and Cmax are regarded as +/- one standard deviation confidence limits

In addition to considering cases with the site divided into three TZs with approximately known
contaminant levels, we also consider the entire site treated as a single TZ. For consistency with the
multi-TZ analyses, Mo values for the single “lumped” TZ realizations are computed as the sum of
values for the multi-TZ analyses.

Three performance monitoring strategies are considered:

(1) Soil data only. Soil sampling is assumed to commence at a time Atmon1 after beginning
thermal treatment and is repeated at time intervals of Atmon2. At each sampling event,
Nboring/mz borings per MZ are advanced with Nsmpiboring Samples taken per boring at different
depths. The total number of samples per sampling event per MZ is thus Nboring/mz Nsmp/boring.

(2) Mass recovery data only. Cumulative mass recovery data for each MZ is used to estimate
mass remaining and average soil concentration is computed from egs. (4.1) to (4.3) using
calibrated model parameters. Mass recovery data is assumed to be available weekly to
conservatively account for time to process data and implement decisions.

(3)_Mass recovery and soil data. Method 2 is used to make preliminary termination decisions,
which are not implemented until soil sampling data confirm the decision. Soil sampling
commences one week after mass recovery termination signals for the signaled regions only
and is repeated at time intervals Atmon2 until pooled soil concentration data and mass
recovery measurements satisfy termination criteria.
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To generate "noisy" measurement data and to compute confidence limits for termination decisions,

estimates of S;T for soil measurements and S;* for mass recovery measurements are needed in

eq. (4.13). Based on RMSE estimates for the eight field sites discussed above, we assume that
mass recovery data have an uncertainty of S = 0.4. For field sites with soil sample datasets, site-

wide S;™ values computed from the raw data ranged from 2.11 to 3.86. Based on anomalous

behavior observed for average soil concentration confidence limits for the field sites discussed
earlier, a considerably larger site-wide S°™ value may be appropriate. We use a site-wide value

In

of 3.5 for example cases that involve a single lumped TZ. For cases with the site divided into three

TZs with approximately equal variances, S;T, should be smaller than the site-wide value by a

factor of about (1/3)¥2, which yields an estimate of S;™ = 2.0 for each TZ in the multiple TZ
cases.

Stochastic cost optimization analyses for the hypothetical site were performed for six cases with
the site treated as a single TZ or divided into multiple TZs, with fixed or optimized values for the
exceedance probability « and local stop criteria (C2', ), and with design variables for the three

stop
monitoring strategies described above optimized. The maximum number of MZs for each TZ is
taken equal to the number of recovery wells in the TZ. Our objective is to evaluate effects of
various operational monitoring strategies and associated optimized variables on thermal treatment
performance and cost. Six optimization cases are considered, which are summarized in Table 4.7.

4.4.3 Design optimization results

Probability-weighted average (“expected") total costs for the various cases ranged from $3,247k
to $4,099k with 95% upper confidence limits (UCLogs) from $3,247k to $4,987k considering all
quantifiable sources of uncertainty (Table 4.7). Expected durations ranged from 289 to 411 days.
The 95% upper confidence limit of total cost, considering all quantifiable sources of uncertainty,
ranged from $3,247k to $4,987k. Total costs are divided into monitoring costs, other operating
costs (including energy), and fixed costs for design and construction. The latter were constant at
$1,953k for all cases. Expected monitoring costs ranged from $29k to $189Kk, and other operating
costs from $1,265k to $1,957k.

It may be noted that expected values for corresponding costs from the stochastic optimization
analyses are higher than those reported in the literature (Baker et al. 2016, Heron et al. 2016). Costs
are similar if normalized for treatment duration. Longer probability-weighted average treatment
durations in the present study may be partly attributed to a publication bias in favor of sites with
low Stnerm Values that are mostly completed within about 2—3 times Atpeak. Based on data from the
sites reported here, the frequency of sites with Sterm Values >0.5 is about equal to that of lower
Stherm Sites. However, average remediation duration to achieve 99% mass reduction for low Stherm
sites (0.5-0.8) is about 2.4 times Atpeak cOmpared to 4.8 times Atpeak for high Stnerm sites (0.5-0.8).
To reach 99.9% mass reduction, these ratios climb to 3.3 times Atpeak for low Stherm Sites and 8.3
times for high Stherm Sites. A second factor may be that high Sterm sites tend to be terminated at
lower mass recovery ratios owing to durations exceeding time and budget expectations. For the
sites reported here, the average mass reduction ratio computed for low Stherm Sites was 99.8% versus
only 95% for high Stherm Sites. A third factor contributing to longer treatment durations and costs
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is that design optimizations were formulated to achieve a high probability (in most cases > 99%)
that remediation criteria will be met. It is likely that most system designs are not this stringent. For
these reasons, we believe the expected durations and costs from the stochastic optimization results
are realistic considering the full range in Sterm values that may occur and assuming comparable
cleanup levels are met with a high probability of success regardless of site recalcitrance.

Results for the various cases are discussed below.

Optl. The first four cases utilize soil data only to make termination decisions for thermal treatment
and treat the entire treatment volume as a single TZ. For Optl o = 0.5 (hence C% , =C>' ) and

avg smp

con = Cc indicating that heating in individual MZs and individual TZs is terminated

stop local ~ “stop global ?
when the measured average soil concentration within the respective area is below the site-wide
stop criteria. These operating procedures are typical of industry practice. The number of MZs in
the TZ (Nwmzrz), soil borings per MZ for each sampling event (Nboring/mz), and soil sample depths
per boring (Nsmproring), time at which soil monitoring commences (Atmon1), and the time between
successive sampling events (Atmon2) Were optimized.

The fixed a value of 0.5 in conjunction with the condition that C3' = C made it

stop local stop global
difficult to find a set of design variables that could reliably achieve the remediation target. The
best that could be managed by optimization still suffered an 8% probability that the true average
concentration will exceed the target value of 1 mg/kg. No exceedances greater than 10 mg/kg were
predicted. With optimized values of only one MZ in the single TZ, 10 borings in the MZ with 4
sampling depths per boring, this case employs a total of 50 soil samples per sampling event,
yielding reasonable monitoring costs that are consistent with industry practice ($67k).

The expected total cost is $3,764k with $1,745k for operating costs other than monitoring with the
UCLugs of total cost equal to $4,808. The expected treatment duration of 310 days is 4.8 times Atpeak,
which is consistent with the range in Sterm Values and remediation times inferred from the field
sites discussed earlier in this paper. Aside from the consideration of risks from higher Stherm values,
we regard Optl as a reasonable approximation of typical industry practice.

Opt2. This case is the same as Opt1 except that C°" is optimized subject to the constraint that

stop local

it be no greater thanC:" The optimized value of 0.094 mg/kg requires individual TZs to

stop global *

reach a significantly lower concentration than the site-wide target to terminate early, which permits
site-wide termination to occur when remaining areas are at a higher average concentration. This
flexibility allowed probability of failure to decrease to <1%, which enabled improved reliability
as reflected by a lower total cost UCLgs of $4,525 compared to $4,808 for Optl. However,
improved reliability was achieved at the expense of a significantly longer expected remediation
duration (411 days), and higher expected total cost ($4,099k), monitoring cost ($189k) and other
operating cost ($1,957Kk).

Opt3. This case is the same as Opt2 except that o is also optimized to a value of 0.120. The
resulting design also achieves an exceedance probability of <1% but with a shorter expected
duration (320 days) and lower expected monitoring, other operating and total costs ($79k, $1,802k
and $3,834k, respectively) using only one MZ with 7 borings per MZ sampled at 4 depths.
However, the total cost UCLgs for Opt3 ($4.987k) is greater than that for Optl or Opt2.
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Opt4. This case is identical to Opt3, except that the site is divided into three TZs that have less
uncertainty in average soil concentration than the site as a whole. The optimized value of o for this
case is a stringent 0.017 while the value of 0.948 mg/kg for C:" which is essentially the same

stop local ?
as the site-wide criteria and less aggressive than the values for Opt 2 (0.094) and Opt 3 (0.390).
The two largest and least contaminated TZs (TZ1 and TZ2) are each divided into two MZs and
TZ3 is divided into three MZs for a total of 7 MZs. Two borings per sampling event are taken from
each MZ and TZ if they have not already terminated. Four depths are sampled per all borings.

Although the expected treatment duration is slightly longer than that for Opt3 at 332 days, energy
savings from early termination of MZs or TZs resulted in significantly lower expected non-
monitoring operating costs ($1,530k), expected total cost ($3,612k) and total cost UCLos
(%$4,100k). Opt4 has a lower expected total cost and UCLgs of total cost, as well as a significantly
higher probability of success than Optl.

Table 4.7. Results of stochastic cost optimization analyses for example problem. Bold values are
fixed during optimization. Italic values are optimization results.

Optl Opt2 Opt3 Opt4 Opt5 Opt6
Monitoring method Soil Soil Sail Sail Recovery Both
Probability of failure (%) 8 <1 <1 <1 <1 <1
Expected duration* (d) 310 411 320 332 290 289
Costs* ($k)
Expected total cost 3,764 4,099 3,834 3,612 3,247 3,580
95% UCL of total cost 4,808 4,525 4,987 4,100 3,752 4,289
Expected monitoring cost 67 189 79 129 29 48
Expected other op. cost 1,745 1,957 1,802 1,530 1,265 1,580
Design variables
Ntz 1 1 1 3 3 3
Significance level (o) 0.500 0.500 0.120 0.017 0.025 0.003
Coima (Mg/ka) 1 0094  0.390 0.948 0701  0.783
Nwmz/tz 1 19 1 2,2,3 6,1,1 3,1,1
Nboring/Mz 10 1 7 2,2,2 - 1,34
Nsmp/boring 4 4 4 4 - 4
Atmon1 (d) 245 168 168 182 - -
Atmon2 (d) 70 70 63 35 - 28

* Expected costs and durations are probability-weighted averages. See text for discussion.
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Opt5. This case is the same as Opt4 with three TZs, except that mass recovery measurements for
each MZ are used to make termination decisions (Method 2). No soil sampling is performed during
thermal treatment or for confirmation after treatment. The results achieve an exceedance

probability of less than 1% with an optimized « value of 0.025 and C3" of 0.701 mg/kg. The

stop local

number of MZs per TZ is 6 for TZ1 (the largest, least contaminated zone) and only one for TZ2
and TZ3, for a total of 8 MZs. Expected monitoring costs for Opt5 ($29k) are much lower than for
any of the soil monitoring cases (Optl-Opt4). Because mass recovery data have lower
measurement uncertainty and are available with much higher frequency (weekly is assumed),
termination decisions can be made much sooner on average than with soil sample data. This is
evidenced by a lower expected treatment duration (289 days) than Opl — Opt4, hence sharply
lower expected non-monitoring operating costs ($1,265k) and total cost ($3,247k). The expected
total cost is 10% lower than the best case using soil data only (Opt4) with the same probability of
success. The expected total cost is also 14% lower than that for Optl, the surrogate for “typical
practice” that has the additional liability of an 8% probability of failure. Furthermore, the UCLg5
for Opt5 total cost ($3,752K) is significantly less than corresponding values for all soil monitoring
cases (Opt1-Opt4) and less than the expected total cost for all but Opt4.

Opt6. This case is similar to Opt4 and Opt5, except that monitoring is performed using Method 3,
which employs mass recovery data by itself until a termination signal is obtained for site-wide, TZ
or MZ termination, after which soil data is collected periodically until pooled soil and recovery
data confirm the decision. The results achieve an exceedance probability of less than 1% with a

cxt of 0.783 mg/kg and a stringent o value of 0.003. The number of MZs per TZ is three for

stop local

TZ1 (largest, least contaminated) and one MZ for each of TZ2 and TZ3, for a total of five MZs.
Only one boring per MZ is specified for TZ1 with three for TZ2 and four for TZ3 sampling 4
depths per boring for each location. The frequency of soil sampling after a termination signal based
on mass recovery data is 28 days. Monitoring costs ($48k) are not much higher than for Opt5 and
the operating time of 289 days is essentially the same as for Opt5. However, other operating costs
for Opt6 ($1,580) are 25% higher than for Opt5, which is attributable to a 39% higher average
energy utilization for Opt6 due to fewer early terminations of individual MZs and/or TZs.
Relatively large uncertainty in soil data result in wider pooled confidence limits for Opt6
termination and a significantly higher UCLgs of total cost.

4.5 Summary and conclusions

Thermal treatment methods are effective technologies for remediation of DNAPL source zones
due to their relatively low sensitivity to aquifer heterogeneity and DNAPL distributions.
Nevertheless, significant uncertainty exists in the duration of heating required to meet remedial
goals for a given system design. Normal distribution models for mass recovery as a function of
time are unable to capture the positive skew of actual recovery data, which can lead to significant
underestimation of the treatment duration necessary to reach cleanup objectives. We introduced a
lognormal distribution model with recovery time duration characterized by the standard deviation
in In recovery time, Stherm, With values ranging from about 0.2 to 0.8 on a site-wide basis for field
sites studied. For Sterm = 0.2, remediation duration can range from 1.6 x Atpeak (time to reach
effective boiling point) to achieve a mass reduction of 99% to 2.4 x Atpeak for 99.99% reduction,
while for Stherm = 0.8, treatment durations from about 6 to 20 x Atpeak are predicted for the same
mass reduction percentages.
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We were unable to identify any significant correlations between Swerm values and geologic
complexity, DNAPL source complexity, or initial contaminant concentration of the sites.
Furthermore, since differences in Sterm Values within a given site were as variable as differences
between sites, estimates of Sterm from pilot tests may not be predictive of the whole site. A priori
uncertainty in Sterm can result in significant uncertainty in site-wide treatment times. lterative
calibration of lognormal model parameters from mass recovery data provides incrementally
refined estimates of Sterm and other model parameters which enable extrapolation of contaminant
mass remaining for use in making reliable real-time termination decisions. Uncertainty in Stherm
and other factors affecting treatment duration are taken into consideration in the design process
using stochastic optimization methods.

We have proposed a strategy to turn the liability of uncertainty in time to reach cleanup objectives
into a potential advantage by dividing the contaminated soil volume into treatment zones (TZ) that
exhibit different average contamination levels based on site characterization data and (optionally)
further dividing TZs into monitoring zones (MZ) for purposes of making termination decisions.
We also allow target soil concentrations for regions smaller than the full site (local stop criteria)
to be specified at a value less than the site-wide stop criterion. Cleaning up less recalcitrant regions
(lower initial soil concentration and/or Sterm) t0 a lower average concentration enables more
recalcitrant regions (higher initial soil concentration and/or Sterm) to be terminated at a higher
average concentration to achieve the same site-wide average, which offers the possibility of
reducing overall treatment duration and total operating cost. The multi-level monitoring and
termination strategy allows for site-wide termination as well as early termination of individual TZs
or MZs within TZs.

Thermal system termination decisions are commonly made by comparing the average
concentration computed from a round of soil samples directly with a cleanup target. However,
averages from soil data are subject to large uncertainty even when the number of soil samples is
large. An alternative method, which estimates average soil concentration from mass recovery
measurements during thermal treatment using the lognormal mass recovery model, has been
demonstrated that exhibits less uncertainty and lower cost than soil sampling. To explicitly account
for uncertainty in average soil concentrations estimated from soil and/or mass recovery data, the
multi-level termination strategy stops treatment when an upper confidence limit of estimated mean
concentration at a specified probability is below the target concentration. We employ a statistical
methodology for computing confidence limits at site-wide, treatment zone and monitoring zone
levels that allows termination decisions to be made at all scales with equal reliability.

To identify cost-optimal performance monitoring strategies to guide termination decisions, we
incorporated the multi-scale thermal treatment performance monitoring protocol into the stochastic
cost optimization program SCOToolkit to identify design variables that minimize probability-
weighted total cost considering uncertainty in site properties, model predictions, and monitoring
data while maintaining a high likelihood of meeting remediation objectives.

Results for an example problem indicate that the practice of using computed average soil
concentration (as opposed to an upper confidence limit) cannot achieve a high probability of
meeting the target average soil concentration. Optimizing the confidence limit probability, local
scale cleanup level, number of monitoring zones per treatment zone, soil borings per monitoring
zone for each sampling event, sample depths per boring, date for first sampling event, and time
interval between sampling events for a site treated as a single treatment zone using only soil
sampling data achieved cleanup objectives with a higher probability of success than a more
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conventional approach. Dividing the site into three treatment zones with different soil
concentration ranges and optimizing the same variables reduced total cost by 6%. Optimizing
confidence limit probability, local-scale cleanup level, and number of monitoring zones per
treatment zone with three treatment zones while using mass recovery data instead of soil data,
achieved an additional 10% cost reduction. If confirmation of mass recovery-based results with
soil sample data is desired or required, delaying each local termination decision until confirmed
by soil sampling will increase the cost. Therefore, if confirmatory soil sampling is required, we
recommend waiting until all heating units have been stopped based on mass recovery data before
performing site-wide soil sampling.

In addition to computing the probability-weighted average cost for optimized designs, the method
gives cost probability distributions that reflect uncertainty in measurements and calculations. An
optimized example problem using only mass recovery data to make termination decisions (Opt5)
had a 16% lower expected total cost than a case that approximates typical industry practice (Optl),
while the 95% upper confidence limit of total cost for the former was 28% lower. Thus, the
proposed methodology not only yields “expected” cost savings, but also sharply reduces the
magnitude of potential cost overruns.
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5. DNAPL Zone Treatment by In Situ Chemical Oxidation

5.1 Overview

In situ chemical oxidation (ISCO) involves injection of a chemical reagent into the subsurface to
chemically oxidize contaminants. The technology has been studied since the early 1990s and has
been used extensively in the field for a variety of contaminants. The most common reagents are
potassium or sodium permanganate although others have also been used, including persulfate,
ozone, hydrogen peroxide, and modified Fenton’s reagent (H2Oz plus ferrous iron). The most
common delivery method involves injection of a pulse of oxidant into an injection well network,
followed by a period with natural gradient conditions in which oxidant reacts with contaminants
and migrated with groundwater. This method is well adapted to the treatment of DNAPL source
zones in relatively low permeability aquifers. In permeable aquifers, low residence times in the
target zone diminish the cost effectiveness of this delivery method. An alternative delivery
approach is to inject oxidant continuously at lower flow rates, capture unreacted reagent
downgradient of the treatment zone and reinject it with additional oxidant to maintain a more or
less constant oxidant concentration in the treatment zone over time.

ISCO is a mature technology with well documented design protocols (Huling and Pivetz 2006,
Siegrist et al 2006) including useful software tools for system design and cost estimation (Siegrist
et al. 2010). These guidance documents and design tools provide a starting point for the tools
described here. In particular, we assumed that the individual who wishes to undertake cost
optimization of ISCO design, has used the aforementioned guidance and tools to develop a draft
design that is suited to his site conditions. This will serve as the starting point for stochastic design
optimization using SCOToolkit to refine selected operating variables and performance monitoring
details taking into consideration effects of measurement and prediction uncertainty, coupling
between ISCO performance and plume scale processes, and complex interactions and tradeoffs
that affect performance and cost.

5.2 DNAPL mass decrease during ISCO

We consider a DNAPL source zone of volume V, [L®] to which we wish to apply ISCO. The total
contaminant mass prior to ISCO is M, [M] and the corresponding discharge rate is Jo [MT™?]. In
general, we expect 1ISCO efficiency to improve if DNAPL source zones are divided into smaller
operational units that are monitored and managed independently. For example, field data may
indicate one or more "hot spots™ having high soil concentrations, with adjacent areas of moderate
concentrations, and peripheral zones of lower concentrations. Since lower concentration zones will
likely require fewer oxidant injections, earlier termination will be possible and less aggressive
design variables may more cost effective. Therefore, we consider division of the source zone into
i =1, .., Nyztreatment zones (TZ). For each TZ, source discharge to groundwater downgradient
of the source for the transport model is described by a modified form of eq. (2.1) as

B
Ji (1) = R (DR (D, [MMI—(t)j (5.1)

where Ji(t) is the discharge rate of contaminant from the source zone for TZ i as a function of time
[MT], Mi(t) is the DNAPL mass remaining versus time [M], Moi is the mass just prior to ISCO
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[M], Joiis the initial dissolution rate [MT?], £ is an empirical depletion exponent, Fr:; is a mass
transfer enhancement factor [-], and Fki is @ mass transfer inhibition factor [-]. In the following,
we drop TZ subscripts, i, for brevity. The enhancement factor is estimated based on Reitsma and
Dai (2001) as

Fmt (t) = 1+ fmt COX (t)WCH
SCHWox (5 2)
f _ Dox .

mt
r]0x/CH DCH

where Cox(t) is the current aqueous oxidant concentration [ML], Scn is the effective solubility of
contaminant in the DNAPL [ML™], Wox is the molecular weight of oxidant [M mol™], Wcw is the
molecular weight of contaminant [M mol™], Dox is the aqueous diffusion coefficient of oxidant
[L2T?], Dcn is the contaminant aqueous diffusion coefficient [L2T], and nowcn is the
stoichiometric ratio of oxidant to contaminant for the redox reaction. Diffusion coefficient ratios
for permanganate are about 1.12 for PCE, 1.03 for TCE, and 0.95 for DCE. yielding fm: values of
1.49 for PCE and 2.1 for TCE with permanganate. Values for n ., will be discussed later.

Mass transfer inhibition due to MnQO; precipitation during permanganate addition has been studied
by West et al. (2007) and West and Keuper (2012), modeled as

Fk (t) =1- Srind Cprecip (t) (53)

where Cprecip(t) is the mass of precipitated MnO- per treatment zone pore volume [ML?] as a
function of time (computed from the cumulative mass of injected oxidant and the reaction
stoichiometry) and Sring = 4.6 x 10°° L/mg based on West and Keuper studies, although site-specific
measurements may be advisable as this value may vary with site conditions. If precipitation
reactions are expected for other oxidants, lab or field pilot studies would need to be conducted to
quantity Cprecip and Srind.

The initial mass Mo in each TZ; is generated in the model from user-specified minimum and
maximum soil concentrations C™" and C™*within each TZ from site characterization data. Mass
conservation requires that

Nz Nrz Ny,
zMoi = Ivlo’ Z‘]oi = ‘]01 and ZVOi :VO (54)
i=1 i=1 i=1

To satisfy the above constraints the following two-step method is used to generate TZ parameters.

Step 1. Assuming minimum and maximum soil concentrations represent 95% confidence levels
of a log-normal distribution, generate initial mass estimates for each TZ by

Mli :exp(mlni +Slni N(O’l)) (558.)
m,; =05 (nC__, +InC_.)

where (5.5D)
S, =025(nC_, —InC,.)

Step 2. Adjust estimates for consistency with Mo as
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M, =M, — Mo (5.50)

oi — Vi Nz
i=1 Mli

In addition to characterization of the source mass discharge function for the entire DNAPL source
to be treated by ISCO (see Chapter xx on model calibration), potential treatment zones should be
identified and key characteristics determined, including the depth, width and volume, minimum
and maximum soil concentrations, and mean oxidant travel length.

5.3 ISCO reaction model

A mass balance model is solved for each ISCO treatment zone to compute average soil and
groundwater concentrations within treatment zone volumes. The model accommodates boundary
conditions for both pulsed and continuous oxidant injection conditions. Each treatment zone is
modeled as a stirred tank reactor with five components, namely

Contaminant occurring as DNAPL

Aqueous and adsorbed contaminant

Rapidly oxidizable natural oxidant demand (“fast” NOD or NODy)
Slowly oxidizable natural oxidant demand (“slow” NOD or NODs)
Aqueous phase oxidant

DNAPL serves as a rate-limited source of aqueous contamination described by egs. (5.1) — (5.5).
Direct oxidation of DNAPL contaminant is assumed to be negligible. However, DNAPL
dissolution rate is coupled with aqueous oxidant concentration via (5.2). Following Cha and
Borden (2012), oxidant is assumed to react instantaneously with aqueous and adsorbed
contaminant and with NODy. Oxidation of NODs is modeled as a second-order kinetic reaction.
Equilibrium is assumed to occur between aqueous and sorbed contaminants. The reaction of
chlorinated solvent with an O2-equivalent oxidant (Ozeq) IS given by

C,H,Cl N5, Oyt o H,0——aCO, +cHCI (5.6)

2eq ~ 2eq

with stoichiometry coefficients n, ., = a-(c-b)/4 and n,, = (c-b)/2. For PCE (C.Cl), TCE
(C2HCls), and DCE (C2H2Cl,), as an example, the reactions become
C,Cl,+2H,0+0,,, ——2CO,+4HCI

2eq

—»2C0,+3HCl (5.7)

2eq

CZHCI3+HZO+gO

C,H,Cl,+20,, —>2CO,+2HClI

2eq

indicating that ny ., = 1 mol-Ozeq Of oxidant per mole of PCE, 1.5 mol-Ozeq per mole of TCE, and

2 mol-Ozeq per mole for DCE.

Common oxidizing agents include permanganate (MnOxs’), ozone (O3), hydrogen peroxide (H205),
and persulfate (520s2) that have theoretical oxygen equivalents (Ozq) of 0.75, 1.5, 0.5, and 1.0,
respectively, although actual field values can vary with pH and other geochemical conditions, other
added reactants (e.g., ferrous iron with hydrogen peroxide or persulfate) or heat (e.g., thermal
activation of persulfate to produce the stronger oxidant SO4). As an example, the oxidation of
TCE by MnO4 may be written as

5-3



2MnO; +C,HCl,——>2C0,+2MnO,(s)+3CI +H* (5.8)

indicating complete oxidation of one mole of TCE by noxccn = 2 moles of permanganate. Note that
the overall stoichiometry ratio Nowch = Ng o, / O2eq = 1.5/0.75 = 2. Overall baseline stoichiometries

for oxidation of PCE, TCE and DCE by the afore-mentioned oxidants are summarized in Table
5.1. Theoretical values for other contaminants and oxidants may be easily derived. However, it is
advisable to confirm (or refine) values based on results of bench- or field-scale pilot tests under
conditions approximating those planned.

NOD is characterized by the total NOD per dry soil mass (CoP'), the ratio of fast to total NOD

soil
( fuoor )» and the second order rate coefficient for NODs ( Kyops ). NOD parameters may be

determined on soil samples using the laboratory protocol described by ASTM method D7262-07
(ASTM 2007). Since potassium permanganate is the oxidant in this lab test, the quantity of NOD
is typically reported as moles of KMnOs. These values are converted to mol-O2eq in SCOToolkit.
Typical ranges for NOD parameters are given in Table 5.2.

Table 5.1 Stoichiometry factors n, ., / Ozeq = Noxcr for PCE, TCE and
DCE oxidation by MnO4, O3, H202, and S,0s7.

MnO4 Os H20. S20s7
PCE 1.0/0.75 1.0/15 1.0/0.5 1.0/1.0

=15 =0.67 =2.0 =1.0

1.5/0.75 15/15 15/0.5 15/1.0

TCE =15 =1.0 =3.0 =15
DCE 2.0/0.75 20/15 2.0/05 2.0/1.0

= 2.67 =1.33 =4.0 =2.0

Table 5.2 Typical natural oxygen demand (NOD) parameter ranges (Cha 2012).

Parameter 10% LCL ! Median ~ 90% UCL ! Unit 2
Total NOD per soil mass (CNoP** 2 28 158 mmol kg
Fraction of “fast” NOD (fnopr) 0.028 0.126 0.361 -
“slow” NOD rate constant (Knops) 0.003 0.018 0.395 L mmol* d*?

1 LCL and UCL = lower and upper confidence limits, respectively
2 reported as mmol of MnO4™" (to obtain mmol O2eq multiply by Ozq (e.g., 0.5 for H,02)
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For generality in performing model calculations, all reactant species are expressed in mol-Oaeq.
The model may be used to simulate any oxidant species by specification of appropriate
stoichiometric coefficients. The reaction sequence solved for each TZ over time is:

e Compute quantity of contaminant releases from DNAPL over current time step. Update
mass remaining in DNAPL and dissolved plus equilibrium adsorbed contaminant mass.
Solve mass balance for oxidant reactions with aqueous and adsorbed contaminant.
Compute oxidant loss by downgradient outflow and dilution by upgradient inflow.

If aqueous oxidant mass > 0, compute mass balance for oxidation of NOD#x.

If aqueous oxidant mass > 0, solve second-order equation for oxidation of NOD:s.
Update values of Fnt and F.

Initial contaminant quantities in DNAPL, dissolved and adsorbed phases are obtained from the
plume scale transport model. Prior to commencing ISCO, zero oxidant species is assumed to be
present in treatment zones. Initial quantities of total, fast and slow NOD are computed as

Myopee = 0-75 Cog ™ PV (5.9a)

Myoot = oot Moot (5.9b)

Myops = @~ Froor )Myopir (5.9¢)

where Mnoptot, Mnopr and Mops are total, fast and slow NOD in moles Ozeq, Chi™*is the total

NOD quantity per soil mass in mol-KMnO4 per kg, p is soil bulk density (kg m?), Vrz is the TZ
volume (m?) and the factor 0.75 is the oxidation potential ratio in mol-O2eq per mol-KMnQOa. The
rate equation for slow NOD is

dmNODs _ k mOXsmNODs

dt — T NoDs ¢Vo

where Mgy, is mol-O2eq of oxidant after fast and slow NOD reactions and Ky, is the second-

(5.10)

order rate coefficient. By assuming mg,, =My, =My, in the first time-step, My can be
iteratively computed for each time step (dt) using the following relationships

Moxs = Moyt +dmNODs (5.11a)

Myops = Myops T dmNODs (5.11b)

where m,, =M., —M, t0 consider instantaneous reaction of fast NOD. Variables subscripted
with * represent values returned from the previous time step.

As dm,, is on both sides of (5.10) after replacing My, and My, With eq. (5.11), an implicit
approach was used to find dm,, assuming its initial value is same as My, computed in the
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previous time step. The mol-Ozeq 0f oxidant (M, ) at the current time step can be determined by
accounting gains and losses as follows.

For pulsed oxidant injection

CoxoV. L .
Mox = Moxo =222 during injection, otherwise

0X-0,eq
(5.123)
m *
Moy = Moyer — [Jm* +F. Mj dt —mdls
W,
And for continuous injection
My, =0 for the first time step, otherwise
CorQ ass (5.12b)
Mox = Moxer + Fk* (moxo - (1"' flost) M} dt - mc?-i*
OX -0,eq

where m,, is the my, value during injection, kOX_ozeq is the oxidant mass per mol-Ozeq, Coxo IS
the concentration of injected oxidant [ML™], Vox is the volume of injected oxidant computed as
f,@V, using a well overlap factor (f) ranging typically between 1.1 and 1.3, Jn is mol-Ozeq
contaminant flux [mol-Oze T computed from (5.1) with Frp=1 multiplied by Noeqr flost is the

fraction of the groundwater flux recovered by extraction wells (0 for pulsed injection, maximum
of 1 for recirculation system with complete capture else <1), Cox~ is the oxidant concentration in
the previous time step [ML3], Qox is the oxidant injection rate [L3T], and m&"* is mol-Ozeq of

contaminant in aqueous + sorbed phases within the treatment zone computed as follows

me” = Jnoo during injection or for the first time step,
ert
otherwise (5.13)

ag+s __ ,,ag+s ag+s (l_ EISCO)Fk*qA\/ t
Moy~ = Meys + [‘]m* — Mgy W o dt - Moy,
o]

where q is the average darcy velocity [LT™], Aven is the vertical area [L?] of a treatment zone
perpendicular to flow, and Eisco is the fraction of flow though the TZ captured by recovery wells
(O for typical pulsed flow system, max value of 1 for recirculation system). Note that eq. (5.13)
accounts for slow rebound of dissolved contaminant concentration following depletion of oxidant
in the treatment zone. Cox at the current time step is then obtained as

m Sk -0,e
Cox =[—OXVOX > qj (5.14)
(0)4

and the mol-O2eq DNAPL contaminant in the TZ is computed by
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MOWPL = mONRL g gt
mPNAPL _ nOzein* (5'15)
CH* W
CH

where Wch is the contaminant molecular weight [M mol™?].

If the number of injection wells in the treatment zone is Niw but a smaller number of wells Npiock
are injected at a given time, then the number of serial injection events or "splits” to be performed
to complete injection in all wells is Nspiit= roundup(Niw / Nbiock). The total duration of each oxidant
injection event is

N .
At _ OX " Vsplit 1
nj Qox N w (5 6)

where Qo is the average volumetric injection rate per well [L3T]. Since the injection duration is
generally short compared to the monitoring interval between injections, we treat each injection as
an instantaneous event at a time Atinj/2 following the actual start of an injection event.

Average chloride concentration in each treatment zone is also computed from the cumulative
moles of solvent oxidized and the mole fraction of chloride in the solvent, considering advection
losses and dilution.

Mass balance equations for DNAPL contaminant, aqueous and sorbed contaminant, oxidant,
chloride, and NOD+ for each treatment zone are solved using forward difference solutions. The
NODs mass balance equation is solved using an implicit backwards difference method described
by egs. (5.10) - (5.12). Advective losses of aqueous phase oxidant and contaminant are assumed
to occur in proportion to the product of the average darcy velocity and current average
concentration. DNAPL and NOD are assumed to be immobile.

5.4 ISCO performance monitoring

Our objective here is to formulate performance monitoring protocols to facilitate reliable real-time
operational decisions to be made. To minimize decision lags due to travel times to downgradient
locations, performance monitoring needs to focus on measurements within or near the aquifer
volume being treated. Remediation progress is commonly monitored by measuring contaminant
concentrations in soil and/or groundwater samples. But what is the relationship between these two
types of measurements to each other and to the downgradient plume? To answer this question,
consider a DNAPL source zone of volume V [L3®], with an area Avert perpendicular to flow
downgradient of the source [L?], mean darcy velocity q [LT?], retardation factor Rcw, source
dissolution rate versus time J(t) [MT], and contaminant mass remaining in the source versus time

M(t) [M]. The flow-averaged groundwater concentration C2% [ML] on the downgradient plane is

avg

oy J()
Cavg 0= qRCH A\/ert 5-172)

while the average soil concentration CX' [MM], within the source volume is

avg
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C soil (t) M (t)

avg (5.17b)
where pis the soil dry density [ML]. Combining egs. (5.17a) and (5.17b) with eq. (5.1) assuming
no effects of oxidant (Fm=Fk=1), yields

Ryt Aern Cn ] (5.18)

Cat =
ol ( Jo

which allows us to compute “equivalent” average soil or groundwater concentrations.

A complicating factor for using groundwater concentration data to monitor ISCO performance
(and in using eq. 5.18) is that aqueous contaminant concentrations will be negligible as long as
dissolved phase permanganate oxidant is present. Following oxidant injection, aqueous phase
oxidant will deplete over time due to reactions and advection and aqueous contaminant
concentrations will subsequently rebound. However, full rebound can take many months,
depending on the DNAPL dissolution rate and groundwater velocity. Therefore, measurements of
dissolved contaminant within or near the downgradient edge of a source zone will provide limited
information on the progress of remediation until rebound occurs. This will require longer waiting
times between oxidant injection events to make termination and reinjection decisions than if soil
sample data were used.

Since pre-existing groundwater monitoring wells will generally be present within the ISCO
treatment area, which are required to be monitored at a specified interval (e.g., quarterly, semi-
annual), we assume that groundwater concentration will be measured at all such wells at the
regulatory-mandated intervals. Additional numbers of groundwater monitoring locations may be
stipulated strictly for ISCO performance monitoring (i.c., “temporary” wells or push-probe water
samples). All groundwater sampling locations will be sampled at no less than the regulatory-
mandated frequency. At each groundwater sampling date following oxidant injection, oxidant
concentration will be measured until oxidant concentration drops below a practical detection value
(Cox min). Prior to reaching this level, contaminant concentrations will not be measured and
afterwards, oxidant concentration will not be monitored until after the next injection event.

In addition to mandated and optional water samples, we also consider collection of soil samples
for ISCO performance monitoring. Decision logic soil and groundwater data or groundwater data
only are described below.

5.5 Decision logic for ISCO termination and reinjection
The criterion for terminating 1ISCO treatment is commonly specified as

Core < CoPe (5.19)

avg stop

where C¥*= C [MM™] or C2¥

avg avg

[ML] represents average soil or groundwater concentrations,

avg

respectively, and C¥*= C! or C

stop = Cstop sop TEPresents corresponding termination criterion. In practice,

we never know true values of C>*  but only estimates of the average CY*_ calculated from a

avg ! avg smp
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finite number of samples. If we substitute C*__ for the true average C2® ineq. (5.19), resulting

avg smp avg
termination decisions will have a significant probability of erroneously terminating treatment
before the target criterion is actually met due to differences between C**__and C>*.

avg smp avg

A more conservative approach that explicitly accounts for this uncertainty is to modify the
termination criteria as
Cor <CX (5.20)

stop

where CJ% is the upper confidence limit of the estimated average concentration at significance

level a (e.g., 0.1 for a 90% upper confidence limit). Since CJ% >CX*_  for 0<a<0.5, eq. (5.20)

avg smp

is a more stringent criterion than eq. (5.19). The ratio of CJ% and CJP. ~ represents a safety

avg smp
factor that reduces the likelihood of erroneous decisions that terminate too early. Note that a=0.5

corresponds to C% =CJ* .

High variance properties of quantities that are physically constrained to be non-negative, such as
contaminant concentrations, necessarily exhibit positively skewed distributions. Normal
probability distributions cannot describe such behavior. Lognormal distributions capture the major
features of such data and are commonly used as a reasonable and mathematically expedient

approximation. If the average concentration is estimated from n>* samples and a log-normal

smp

distribution is assumed, then

CoZ = exp(In(C2,,, )+, (@, N ) SP%, ) < 2 (5.21a)
Stype

where Spvg = = (5.21b)
ntype

smp

in which CX*_is the arithmetic average of n® samples, S2P is the population standard

avg smp smp n
deviation of In concentration, Sp%, is the standard deviation of InCZr,.., and t; (e, N) is the one-

sided t-value for significance level a with N degrees of freedom (Snedecor and Cochran 1967). If
S is computed from n2¥° samples then N=n2¥ —1, while if S is based on prior site

smp smp

characterization data or experience with other sites, then N=co. Eq. (5.21) may also be written

Cti/pe
Cor oy <Cibr g = o 5.22
avg smp stop SF eXp(tl((Z,N)Stype ) ( )

Inavg

where ngs s 1s the “true” stop criterion divided by a safety factor to account for uncertainty. Note

that decreasing population uncertainty S”* and/or increasing the number of samples n2* will

n smp

ield lower C¥* and higher C¥™*__ values at a given confidence level, which enable earlier ISCO
UCL stop SF

termination at the specified confidence level. Alternatively, if the same termination criteria ( C3%
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and Cg> ) are employed, more reliable data will result in a lower probability of erroneously

terminating before actual concentrations meet the desired levels.

soil

As an example, consider a source zone with a cleanup target of Cg;, = 1000 pg/kg. It is planned

to take n®" =15 soil samples to assess whether the objective has been met. Assume a prior estimate

smp
of S =2.9. If we want a 95% probability (a = 0.05) that the actual average soil concentration
will be less than 1000 pg/kg when we terminate treatment, then t1=1.646 and eq. (5.22) indicates

that the average concentration computed from 15 samples needs to be less than Cg - =291 pg/kg

to achieve the desired reliability. If the number of samples is increased to 30, we could terminate
earlier with the same decision confidence when C2' <418 pg/kg.

avg smp

Since the time to reach Cgy or CJfr o will vary spatially, it may be possible to reduce operating

costs by applying the foregoing criteria independently to sub-regions to terminate injection earlier
in areas that reach cleanup objectives before site-wide termination criteria are met. Alternatively,

we could treat less contaminated zones longer to reach a local ng’; that is less than the site-wide

value, allowing earlier termination of more contaminated areas when the site-wide criteria is met.

Anticipating that regions with higher initial contaminant concentrations are likely to take longer
to cleanup, a system designer may divide a site into multiple treatment zones (TZ) based on ranges
of pre-remediation contaminant concentrations observed during site characterization. When
independent TZ termination is considered, the criteria for ISCO termination in a single TZ is taken
as

Ctype TZi
core < stop TZi =C* (5.23a)
avg smp TZ| exp(tl (a, N ) Sltr)]/,;sg - ) stop SF TZ
type
SWPE — SIn TZi (523b)

InavgTZi N soil
smp TZi

where all variables are for TZ i. Criteria for simultaneous termination of all currently operating
TZs are formulated in a similar fashion, while taking into consideration that site-wide statistical
properties can be described by upscaling individual TZ statistics as follows

N1z
ZVTZ' C typeTZ' C type
i~“avg TZi
type _ =l stop all _ (~type
Cavg smp all ™ I Nrz < e N ) Sbre - Cstop SF all (5.243)
ZVTZi Xp (tl (a’ ) Inavg all )

NTZ @
ype
Z nsmp TZi
S type i=1

Inavg all — 12
Ni  ppvPe

Z smp TZi

2
— type
i=1 (Sln 1zi )

(5.24b)

5-10



where V1zi is the bulk volume of TZ i. Note that the stop criterion for individual TZs is permitted

to differ from that for site-wide termination, subject to the constraint that Cp:,, <Cg¥ ., i.e., the

TZ stop criteria cannot exceed the site-wide stop criteria. When evaluating eq. (5.24) for TZs that
have previously terminated operation, the average concentration and number of samples from the
last sampling event prior to termination are conservatively assumed to apply.

In addition to determining when oxidant injection can be terminated, a corollary decision must be
made regarding if or when reinjection should be initiated must be made. The reinjection criteria
for a given TZ is specified as

CltJy(’:)E smp TZi > C:z?neject TZi (525)
where CXr...; is the average concentration above which reinjection is indicated
(Corst 12 = Com 1), and SPP: . is defined by eq. (5.23b). Due to the inconvenience and cost of

commencing injection in TZs at different times, reinjection is not initiated until criterion for either
reinjection or termination has been met for all TZs.

The time interval At® between potential groundwater sampling events for ISCO monitoring is

mon
assumed to be equal to or an integer fraction (e.g., 1, 1/2, 1/3) of the regulatory mandated interval.
Following an oxidant injection event, oxidant concentration will be monitored prior to taking
samples for contaminant analysis. If the oxidant concentration exceeds its detection limit for the
method utilized (Cox min), Samples for contaminant analysis are not taken, as values would not be
meaningful. Subsequently, average contaminant concentrations from groundwater samples are not
deemed to represent full rebound conditions until the current average value is less than or equal to
the previous value for the TZ or site-wide depending on the level for which the termination

decision is to be made. A minimum number of groundwater sampling rounds N is stipulated

min
9% is at least 2. If At?"

min mon

before a termination decision is allowed, where N

rebound is very slow, larger N7:' values may be necessary to avoid erroneous early termination

due to multiple rounds below detection limits prior to exhibiting rebound. The minimum number
of sampling rounds is not applicable for making reinjection decisions.

is very short and/or

To coordinate soil monitoring (when utilized) with groundwater monitoring, the period between
soil sampling events At®! s constrained to be an integer fraction or multiple (notated as Fsoiigw)

mon
of At> (e.g., 1/3, 1/2, 1, 2, 3). Since rebound is not an issue with soil data, termination or

reinjection decisions do not require a minimum number of soil sampling rounds. Operational
decisions may be based on groundwater data only, soil data only, or on statistically-pooled soil
and groundwater data (Appendix B) for the site as a whole or for individual TZs at the specified
confidence level a. However, to maintain site-wide coordination of injection events, reinjection in
individual TZs is not implemented until all TZs have met either reinjection or termination criteria
following each injection event. A flowchart of the performance monitoring and decision-making
protocol given in Figure 5.1.
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Figure 5.1. Flowchart for ISCO operational decisions.
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5.6 Statistical criteria for pooled data

In the previous section, decision criteria were formulated based on a single type of monitoring data
(e.g. water samples from monitoring wells or geoprobes, soil samples from borings or geoprobes
composited over specified core lengths). To pool multiple types of soil and/or groundwater data
with different measurement uncertainties, all measurements must first be converted to a consistent
basis as a soil or groundwater concentration via eg. (5.18). In the following, we assume all values
are converted to “equivalent” soil concentrations in this manner.

To pool across different measurement types, we weight average values inversely proportional to
their variances (Kool et al. 1987) and compute the pooled standard deviation is the weighted root
mean square, yielding the following criteria for TZ termination:

C pool

pool pool _ stop TZi
CangZi < Cstop SFTZi — pool (5263.)
EXp (t () Spty )
N e
NG, = 3 W InCY (5.26b)
avgTzZi — TZi avgTZi '
type=1
by iy 2 1/2 ~1/2
Nype yyPE (G bye Ny
Spool _ 1 i WTZi (SInTZi) _ L t)g)ie (5 26C)
InTzi — N - n_tl_ype - “ Stype 2 .
type type=1 Zi ype=1{ S\ 77
type
nTZi
(s )
type _ nTZi
Wizi TN (5.26d)
nTZi
2
k
k=1 (SInTZi)

where CP 1 is the “true” stop criteria Cloo, divided by a safety factor to account for

uncertainty, Nype IS the number of different sample types (e.g., water samples from monitoring
wells, soil or water samples from geoprobes, etc.) with In standard deviations for individual

measurements S5 and arithmetic average soil concentrations CJrr (or average groundwater

concentrations expressed in “equivalent” soil concentrations) for each type in TZ i, S, is the

uncertainty of pooled data that was weighted by the uncertainty ( SP®. ) of each data type in TZ i,

InTZi

and nX%¢ is the number of samples taken in TZ i of specified type. Values of SP%,, may be

estimated using data from samples within individual treatment zones collected during source
characterization as the standard deviation of In measured concentrations. In rough terms, if about
2/3 of measurements (x1 standard deviation) in a TZ are within range of F = upper limit/lower

limit then S ~ In(F)/2.

The pooled site-wide termination criteria may be obtained by upscaling TZ statistics as
C pool

ch I SCrtmOISF "= e (5.27a)
T exp(t(ao0) P )
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N7z

| ZVTZiC;?/ZOITZi
Cagan = N, (5.27b)

ZVTZi
i1
N, RS
S|E°§|I| = [Z(Slgg) j (5.27c)

i=1
where CX°. ., is the “true” stop criteria Clooy, divided by a safety factor to account for

uncertainty, Nype IS the number of different sample types (e.g., water samples from monitoring

wells, soil or water samples from geoprobes, etc.) with In standard deviations SP®. per individual

measurement and arithmetic average soil or groundwater concentrations CY* expressed as

avg

“equivalent” soil concentrations for each type of measurement in TZ i, and S is the site-wide

In all

uncertainty of pooled data that was weighted by the pooled uncertainty ( S ) of each TZ i.

An Excel spreadsheet, ISCO treatment termination decisions using real time data.xlIsx, is
provided to enable site personnel to make real-time termination decisions from performance
monitoring data based on the foregoing decision logic (Appendix A).

5.7 ISCO cost model and design variables

ISCO costs are computed for each forward simulation (i.e., Monte Carlo realizations) of ISCO
performance. Since ISCO applications are typically conducted over relatively short time periods,
costs are discounted for the time difference between the average julian date while the system was
operating to the discounting reference date, rather than discounting for each in operation. The
ISCO cost model is formulated as follows:

$NPV = ($base + M0x$mass +Vox$vol +AtISCO $time + NMWnew$MWnevv

+ I pulse Ninj $inj mob + I\IOXsmp $OXsmp + I\Imon mob $mon mob (5283)

Niype

$ P ] d (tstart 0'SAtISCO tref)
Z tsy pe )( )

type=1
Nmon NTZ
type _ (gt ty
$snF1);3 - <$5¥ESO +$srg;l max (0’ I\Ismplloc _1)) Z z Iactive ij NIoc/TZ j (528b)
i=l j=1

where type denotes the options for monitoring soil and groundwater concentrations in TZs which
are soil concentration from soil borings (SBsoit) or geoprobe samples (GPsoir), groundwater
concentrations from monitoring wells (MWgw) or geoprobe samples (GPgw), or measurements of
both soil and groundwater from geoprobe samples taken from the same hole at the same sampling
event (GPsoil+gw). Descriptions of variables in the cost function are summarized below.

$npyv total net present value ISCO cost ($K),
$base base fixed cost excluding other itemized cost variables ($K),
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Nmwnew  total number of new (not pre-existing) monitoring wells,
$mwnew  installation and decommissioning cost per monitoring well ($K/well),

Mox cumulative mass of oxidant injected - internally computed (kg),
Smass cost per unit oxidant mass utilized ($K/kg),

Vox cumulative fluid volume injected - internally computed (m?),
$vol cost per volume of injected fluid excluding $,., ($K/m®),

Ipulse indicator for pulse injection (1 if true else 0),

Ninj total number of injection events - internally computed,

$inj mob mobilization cost for each injection event ($K/injection event),

Alisco total duration of the ISCO operation - internally computed (days),
Btime cost per unit time for project management, reporting, etc. ($/day),
Noxsmp total number of oxidant measurements ($K)

$oxsmp cost per oxidant measurement ($K)

Nmonmob  total number of performance monitoring events - internally computed,
$monmob  Mobilization cost for each performance monitoring event ($K/event),

d annualized discount rate (yr™)

tstart ISCO system start date (Julian yrs),

tref reference date for present value discounting (julian yrs),

Ntz number of treatment zones

lactive ij indicator = 1 if TZ j active during sampling event i else O (internally computed)

Niocrrzj  number of holes sampled per sampling event in TZ j (user input or optimized)
Nsmpioc ~ Number of depths sampled per hole per event (user input or optimized)

$‘Syn’§;0 cost to collect, analyze, etc first sample depth for data of type ($/sample)

$tsy,f,’§1 cost to collect, analyze, etc each additional sample depth at same time ($/sample)

Note that $tsyn‘,’§1is relevant only if Nsmpioc >1 and is applicable to soil borings, geoprobe data or

multilevel monitoring wells, but not to conventional monitoring wells. For each data type, there
will be a tradeoff between the sampling cost and uncertainty in average concentrations computed
from the data and hence on treatment duration and the likelihood of mistakenly terminating
treatment too early resulting in failure to achieve the expected source discharge reduction.
Injection and monitoring events are assumed to be synchronized across treatment zones to
minimize mobilization costs.

Estimation of unit cost parameters in eq. (5.28) should be performed by or in cooperation with an
ISCO design engineer. The number and locations of injection wells, and extraction wells if
required, will be generally be determined based on hydraulic modeling. The design engineer
should be able to directly estimate all unit cost parameters for terms beyond the third term in eq.
(5.28), i.e., $time, SMwnew, Binjmob, $mon mab, @nd unit sampling costs. To estimate the remaining three
cost variables $nase, $mass and $vor, the following cost sensitivity calculations should be performed.

(1) Compute cost for single pulsed injection of specified volume or for injection for a fixed
duration for a continuous injection-recirculation system with an assumed oxidant
injection concentration.

(2) Compute cost for same conditions as (1) but for two pulsed injections or double the
injection duration for continuous injection.
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(3) Compute cost for same conditions as (1) but double the injected oxidant concentration.

All of the above cost calculations must exclude all monitoring and other costs in terms beyond the
first three in eq. (5.28). The cost, total injection fluid volume and total injected oxidant mass for
the three cases should be tabulated and a regression performed to a three-term truncated form of
eg. (5.29) to determine Spase, $mass and Svol.

Spreadsheets are available to determine 1ISCO unit costs from the foregoing cost sensitivity
protocol for pulsed and continuous injection: 1ISCO unit cost calcs for pulsed injection.xIsx and
ISCO unit cost calcs for continuous injection. xIsx (Appendix A).

In addition to unit cost parameters, measurement uncertainty must be characterized for each
sample type at local and global scales. Sample types considered for ISCO and designations of their
local and global standard deviations are

e Soil concentrations from conventional soil borings (S 5 and S>%°0 )

Inlocal Inglob:

e Groundwater samples from monitoring wells (S and SY\o"

Inlocal Inglobal

e Soil concentrations from geoprobe samples (SS- and SEF"

Inlocal Inglobal

e Groundwater concentrations from geoprobe samples (SS-% and SEro¥

Inlocal In global

« Soil and groundwater collected concurrently with geoprobe (SS9 and SCPol+ovy |

Inlocal In global

Values for the first four data types, S and S®  are direct user inputs, which may be

Inlocal In global

quantified by analyzing pre-remediation source characterization data as

Nr;

S toca =iZSTDEv (Incy) (5.29a)
NTZ i=1

Sltrz/pgelobal =STDEV ( In Cz?lllpe) (5.29b)

where STDEYV is a standard deviation operator, C%¥° denotes data of the specified type within TZi,
and C>™ denotes combined data of the same type from all TZs.

all

e Oxidant concentration in injected fluid per TZ, Coxo

e Target average groundwater or soil concentration for TZ termination, C;{gg 17

e Average groundwater or soil concentration above which reinjection begins, C*

reinject
e Number of sampling locations and depths per TZ for each data type
e Time intervals between groundwater and soil sampling events Fsoiigw, At / At% | and

e Minimum number of groundwater sampling rounds following injection before
termination or reinjection decision can be made, N%

min *

Our objective is to identify operational and monitoring strategies to minimize total expected (i.e.,
probability-weighted) cost to reliably achieve cleanup objectives.
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5.8 Example applications

5.8.1 Example 1 - Sensitivity to aquifer parameters

Several simulations are investigated to evaluate sensitivity of ISCO performance to various aquifer
parameters. All simulations consider a PCE DNAPL source with a single treatment zone having a
plan view area of 1,125 m? and a thickness of 5.5 m yielding a total treatment volume of 6,188 m°.
The TZ width perpendicular to flow is 75 m resulting in a vertical plane area of 413 m?. Base case

site parameters are summarized in Table 5.3. A source zone remediation target of C2 =100 ug/L

stop

is used, which is assumed to yield concentrations below regulatory standards at downgradient

soil

receptors. This level corresponds to C_ . = 26 ug/kg via eq. (5.18). A total of 18 injection wells is

stop
used with oxidant solution injected at 16.35 m%/d (3 gallons per minute) in each well until about
1.25 pore volumes of oxidant solution is injected per well to ensure overlapping injection zones.
Since there is only a single TZ, all injection wells are utilized during each reinjection event until
the cleanup criteria is met. For all simulations in Example 1, average groundwater concentration

in each TZ was determined quarterly (i.e., At® = 90 days) with a minimum of two monitoring

mon

events (N%' = 2). Groundwater sampling commences after the oxidant concentration drops below

gw
avg

Coxmin 0F 50 mg/L and continues until C.* exceeds 200 pg/L, in which case oxidant reinjection is

gw
avg

qw
avg

is less than or equal to C2"

performed, or until C stop

and the previous sampling round C

Deterministic simulations were performed to evaluate the effect of groundwater velocity and
injected oxidant concentration for the following cases:

(@) g =0.008 m/d and Coxo =5 g/L,
(b) g =0.008 m/d and Coxo = 25 g/L,
(c) g=0.08 m/d and Coxo =5 g/L,
(d) g=10.08 m/d and Coxo = 25 g/L.

Table 5.3 Base case model parameters for example problems.

Parameter Best Estimate Log uncertainty (Sin)
Initial source mass, Mo 100 kg 0.2

Initial dissolution rate, Jo 0.1 kg/d 0.1
Depletion coefficient, g 0.75 0.1
Groundwater velocity, g 0.008 m/d 0.05
Porosity, ¢ 0.3 -

Bulk density, pp 1855 kg/m? -

Total NOD concentration, CoP™ 2.0 g/kg 0.3

Fast NOD fraction, fnoor 0.15 0.3

NOD rate coefficient, knops 0.02 L/mmol MnO4Y/day 0.3
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Average concentrations versus time were computed for oxidant, “observed” (i.e., nonequilibrium)
and asymptotic (equilibrium rebound) dissolved PCE, and soil PCE. These are shown in Figure
5.2 without consideration of pore clogging as relative concentrations computed as Cox(t)/ Coxo for

oxidant and as (CY(t)—CU)/(Cl¥(t,)—Cu¥) for soil and groundwater contaminant

avg stop avg stop

concentrations, where to is the time immediately prior to 1SCO such that C=" (t,) is 9000 ug/kg

avg

and C2(t,) is 7000 ng/L for Cases (a) and (b) and 700 pg/L for Cases (c) and (d).

avg

Time series curves for Case (a) indicate that soil and groundwater concentrations met the
remediation objectives in about 16 months following three oxidant injections (open circle in Figure
5.2a). However, because high oxidant concentrations persisted in the treatment zone much longer
due to the low velocity, the groundwater monitoring protocol was unable to confirm completion
until month 41. Comparison of equilibrium and nonequilibrium groundwater contaminant
concentrations (solid and dashed blue lines) reveals about 10% of full rebound is reached in 3
months following the first injection. For the second injection about the same percent rebound was
not reached until 9 months after injection. This is expected, because rebound rate will diminish as
source dissolution rate decreases with DNAPL mass. This phenomenon will contribute to the delay
between actually reaching the remediation objective and confirmation by groundwater monitoring.
The higher oxidant concentration for Case (b) is predicted to reduce the time to reach the cleanup
objective more than 50% to about 7 months with only a single oxidant injection (Figure 5.2b),
although the groundwater monitoring protocol does not confirm termination until 30 months, again
due largely to slow flushing of excess oxidant from the TZ.

Case (c¢) with a high velocity and low oxidant concentration (Figure 5.2c) exhibits more robust
rebound than Case (a), with about 85% rebound in 3 months for the first injection and 17% in 3
months for the second injection — about 8 times faster than Case (a). The faster rebound allows the
third injection to be implemented sooner than for Case (a) resulting in actual attainment of the
cleanup goal in only 12 months. However, the monitoring protocol triggered a fourth injection
shortly before this, which extended the duration of monitoring to about 21 months. Due to more
rapid flushing of excess oxidant at the higher velocity, the extended monitoring period was much
shorter than for Cases (a) and (b). Enhanced mass transfer rates associated with a higher oxidant
concentration for Case (d) sharply accelerated remediation with actual attainment occurring in less
than 2 months with confirmation from groundwater monitoring in 9 months (Figure 5.2d).

The foregoing simulations were repeated with pore clogging. The mass transfer inhibition factor
(Fx) in eq. (5.3), representing pore clogging effects, was computed to range from 0.96 (slow flow)
to 0.97 (fast flow), indicating that mass transfer was minimally affected. Remediation duration did
not increase by more than 2 days for any of the cases. These observations agree with results of
Huling and Pivetz (2006) and West and Kueper (2012).

It should be noted that our results are based on a value for Sring in €q. (5.3) of -4.6 x 10 L/mg
reported by West et al. (2007) for a test column. However, the value of Siing is likely to vary for
different aquifer materials, so pore clogging effects may be larger or smaller than indicated by the
simulations if Sring exhibits substantial variability. Localized pore clogging effects have been
reported in DNAPL zones and near well screens at field sites (Reitsma and Randhawa 2002). If
pore clogging is a concern, it would be advisable to calibrate Sring from laboratory or field pilot test
data.
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Another geochemical factor that can affect the availability of oxidant during ISCO is the rate
constant for NOD oxidation (eq. 5.10). Table 5.4 presents remediation times and numbers of
injection events for simulations with different groundwater velocities and NOD rate constants
(knops) with Coxo = 5 g/L. The range of knops Vvalues is based on Yan and Schwartz (2000) and
Waldemer and Tratnyek (2006).

Table 5.4 Time in months to attain an aqueous PCE concentration less than 100 pg/L for
Example 1 with various NOD rate coefficients (knops) and groundwater velocities with Coxo = 5
g/L. Values in parentheses indicate the number of injection events.

knops, L/mmol MnO4™/day

Darcy velocity

0.002 0.02 0.2
0.008 m/d 30.48 (3) 16.27 (3) 12.16 (3)
0.08 m/d 9.93 (3) 11.90 (4) 11.93 (4)

NOD rate exerts a greater effect on remediation period than pore clogging especially at lower
oxidant injection concentrations for the cases simulated. The NOD rate coefficient and
groundwater velocity have a complex effect on remediation duration. At low groundwater
velocities, advective oxidant loss is slow and higher NOD rates allow NOD to be depleted more
quickly so contaminant oxidation can proceed. However, at high groundwater velocities, oxidant
losses due to flushing become predominant and higher NOD rates scavenge more oxidant before
it is flushed from the TZ leaving less for contaminant oxidation, increasing remediation duration.

The above simulations considered the use of groundwater sampling only to make reinjection and
termination decisions. We now reconsider Case (a) using soil and groundwater samples, which are
assumed to be taken on the same schedule. Comparing the results of Case (a) with groundwater
data only (Figure 5.2a) with that for soil and groundwater data (Figure 5.3) indicate that the second
oxidant injection is initiated at the same time (3 months-after-start) for both cases. However, soil
monitoring triggers the third and final injection only 3 months later (6 months-after-start), while
using the groundwater data only delayed the third injection to 12 months after start.

Actual concentrations met cleanup criteria 16 months-after-start with groundwater data only, but
only 11.5 months-after-start with soil data. Monitoring was required to continue to only 12 months-
after-start with soil data, but 41 months-after-start with groundwater data only due to slow
attenuation of oxidant concentrations. Cost savings may or may not result depending on the savings
from less groundwater sampling versus additional costs for soil sampling. However, in
circumstance where remediation duration is important, soil data should be strongly considered.
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Figure 5.2. Example 1 results with groundwater monitoring only and no pore clogging for (a) q =
0.008 m/d with 5 g/L oxidant, (b) g =0.008 m/d with 25 g/L oxidant, (c) q = 0.08 m/d fast flow
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(®) indicates the termination time based on the monitoring protocol.
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(equivalent corresponding C = 26 pg/kg) and solid circle (@) indicates the termination time

based on monitoring protocol.
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5.8.2 Example 2 — Monte Carlo simulations and stochastic optimization

In this series of problems, we evaluate effects of selected design variables and design approaches
on ISCO performance and cost. Performance and cost uncertainty is represented by 100 Monte
Carlo realizations of site parameters generated using log-normal distributions based on best
estimates (taken as the geometric mean) and In standard deviations (Table 5.2). Measurement
uncertainty (Sin) for individual groundwater samples was assumed to be 0.5 and the corresponding
value for soil samples, when taken, was 1.15. These values were used to simulate “noisy” soil and
groundwater performance monitoring data. For all cases, groundwater samples were assumed to

be taken quarterly (At> =90 d) from existing compliance monitoring wells (4 per TZ). Following

mon
each oxidant injection, oxidant concentration was determined on the quarterly schedule.
Contaminant samples were not collected until the oxidant concentration dropped below Cox min
taken to be 50 mg/L for all cases. Soil sampling and additional groundwater sampling were
considered for selected cases.

Three potential TZs, A, B and C from most to least contaminated, were identified from site
characterization data (Table 5.5 and Figure 5.4). For unoptimized cases, ISCO treatment was
terminated independently for each TZ with termination criteria C3} , =100 pg/L. For optimized

cases, site-wide termination was also considered with C2' = =100 pg/L (independent of

stop all

contaminant distribution among TZs). Individual TZ termination was allowed with optimized
values of CJ} ., constrained to be <100 pg/L. For cases with soil sampling, the corresponding

Csoil

stop
parameters is 26 pg/kg. Note, however, that C:{jj; will vary for each Monte Carlo realization
depending on stochastic values for source parameters and groundwater velocity (eq. 5.18). The
oxidant reinjection criterion C%'. = was taken as 200 ug/L for unoptimized cases and was

reinject

soil

value was computed fromeg. (5.18). The Cg

value corresponding to best estimates of model

optimized for other cases. The concentrations of injected oxidant C_, were assumed to be 10 g/L

for all TZs for unoptimized cases, but were optimized for the optimized cases. Assumed unit costs
for all simulations are summarized in Table 5.6.

Table 5.5 Treatment zones and initial PCE concentrations for Example 2.

TZ Area (m?) Width (m)  Thickness (m)  Soil concentration (mg/kg)
A 200 25 55 10-100

B 460 60 55 1-10

C 465 75 55 0.1-1

all 1125 75 55 0.1-100
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/ groundwater flow

C
0.1~1 mg/kg

Figure 5.4. Configuration of treatment zones for Example 2.

Table 5.6 Unit costs for Example 2.

Parameter Unit cost Parameter Unit cost
$Bhase 108.16 $k il 0.90 $k/sample
GPsoil
$rmass 0.0055 $k/kg o1 0.30 $k/sample
$vol 0.02076 $k/ m? $oxsmp 0.10 $k/event/TZ
$time 0.30 $k/day $penatty 105  $k/failure

A total of 8 cases was investigated with 4 unoptimized Monte Carlo simulations (NoOpt1-NoOpt4)
and 4 stochastic optimization cases (Opt1-Opt4). Design variables for NoOpt1 were selected to be
representative of typical engineering practice for ISCO sites. NoOpt2, NoOpt3, and NoOpt4
investigate the use of more stringent criteria for making termination decisions. Optl — Opt 4
investigate the effects of stochastic optimization of ISCO design parameters with or without risk-
adjusted termination criteria and with or without employing soil concentration data to condition
operational decisions.

A summary of design variables that were fixed (bold values) or optimized (underlined) and of
performance metrics (normal text) for each scenario is given in Table 5.7. The expected
(probability-weighted) net present value (ENPV) cost, probability of average groundwater
concentration failing to meet the target value, failure-adjusted ENPV cost, expected average
groundwater concentration, expected treatment duration, expected total volume of oxidant solution,
and expected total mass of injected KMnO4 are also summarized in Table 5.6. ENPV cost is the
probability-weighted total cost excluding penalty costs. Also tabulated is an adjusted ENPV cost,
which is the ENPV cost divided by the probability of successful completion (=1-failure
probability). The latter is a normalized measure of cost to compare design alternatives with the
probability of failure taken into account. Probability distributions of NPV cost excluding penalty
costs are illustrated in Figure 5.5 for all NoOpt and Opt cases.
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Table 5.7 Results for Example 2 unoptimized design (NoOpt1 — NoOpt4) and stochastic
optimization scenarios (Optl — Opt4).

Case NoOptl NoOpt2 NoOpt3 NoOpt4 Optl Opt2 Opt3 Opt4
ENPV ($k) 1034 1062 1035 1066 955 959 952 957
Adjusted ENPV ($k) * 1077 1073 1067 1066 955 959 952 957
Failure probability (%) 4 1 3 <1 <1 <1 <1 <1
Expected Cyw (ng/L) 50 2 49 1 6 5 11 4
Expected duration (yrs) 4.20 4.29 4.16 4.29 3.93 3.89 4.07 4.20
Expected oxidant vol (m®) 5260 5344 5335 5410 4293 4680 3952 3845
Expected oxidant mass (kg) 52.6 53.4 53.3 54.1 46.2 46.1 47.6 48.0
TZa 4.7 4.8 4.8 4.9 4.5 4.6 3.7 3.5
Expected number of 17, 1.9 1.9 1.9 1.9 1.4 1.6 1.3 1.4
injection events
TZc 1.6 1.6 1.7 1.7 1.2 1.3 1.3 11
Number of TZa 4 4 4 4 4 4 4 4
monitoring wells per  TZs 4 4 4 4 4 4 4 4
Tz TZc 4 4 4 4 4 4 4 4
TZa 0 0 0 0 0 0 0 0
Number of soil TZs 0 0 0 0 0 0 1 1
borings per TZ - -
TZc 0 0 0 0 0 0 2 1
Soil samples per boring 0 0 0 0 0 0 1 2
Min. sampling events 2 3 2 3 2 2 2 2
Soil sampling frequency 0 0 0 0 0 0 3 3
(Fsoillgw)
Significance level, a 0.50 0.50 0.05 0.05 0.50 0.05 0.50 0.05
ngtgpu (ug/L) 100 100 100 100 95 25 47 94
ce oo (MO/L) 200 200 200 200 306 269 344 339
TZa 10.0 10.0 10.0 10.0 7.0 6.4 9.2 8.4
Coxo (/L) TZs 10.0 10.0 10.0 10.0 13.2 11.6 15.5 14.5
TZc 10.0 10.0 10.0 10.0 14.1 13.0 12.2 15.5

! Adjusted ENPV = no penalty ENPV / (1-Failure probability/100).
Bold = fixed variables, underlined = optimized variables, others = computed results

NoOptl Results. We regard NoOptl as a reasonable approximation of current “best engineering
practice.” The termination criteria compares average groundwater concentrations to the cleanup
target without adjustment for measurement uncertainty using the significance level o = 0.5 using
data from 12 existing monitoring wells (4 in each TZ). Reinjection and termination decisisions are
made indepdndently for each of the three TZs. A minimum of two sampling rounds after each
injection is stipulated before a termination or reinjection decision can be made. Termination
decisions require that the UCL of current TZ average concentration is less than the stop criteria
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and less than or equal to the average for the previous sampling date. Termination decisions are
allowed after a minimum of two sampling rounds N after each injection.

min

NoOptl had a 4% failure probability (i.e., probability of C2* = > 100 pg/L) with an ENPV cost

avg all
of $1,034k and an adjusted ENPV cost of $1,077k. Inspection of the 4 NoOptl Monte Carlo
realizations that failed to meet actual remediation criteria (based on “true” noise-free simulations)
indicated that three of the four failures occurred because observed aqueous concentrations in one
TZ remained at non-detect for the required minimium of two quarterly sampling events, thus
triggering 1ISCO termination for that TZ. However, the actual full rebound concentration was much
above the cleanup target. The erroneous early terminations were thus attributable to slow rebound.

NoOpt2 Results. This case is identical to NoOpt1, except that the minimum number of sampling
rounds following each injection event was increased from 2 to 3 to avoid erroneous early
termination decisions noted in NoOptl. Increasing the minimum number of sampling rounds
eliminated the three erroneous early termination decisions associated with slow rebound in the
NoOpt1 case, leaving only 1 noncompliant realization (1% failure probability). The reduced failure
probability comes at the expense of an increase in the ENPV cost to $1,062k with a slightly lower
adjusted ENPV cost of $1,073k.

NoOpt3 and NoOpt4 Results. These two cases are identical to NoOpt1 and NoOpt2, respectively,
except that a significance level a of 0.05 was used rather than 0.5 — i.e., the 95% UCL of average
measured concentration rather than the average itself was compared with the target level to make
termination decisions. NoOpt3 with a minimum of 2 sampling rounds has a 3% failure, which
corresponds to the three Monte Carlo realizations that failed in NoOpt1 due to slow rebound. Using
the lower a value of 0.05 in NoOpt3 eliminated the single NoOpt2 failure case, which was
attributable to average measured concentrations substantially less than actual averages because of
measurement “noise.” NoOpt4, with a minimum of three sampling rounds, has a failure probability
<1% (i.e., less than the resolution of 100 Monte Carlo realizations). Using a higher minimum
number of sampling events for NoOpt4 eliminated the remaining failure realizations associated
with slow rebound. The ENPV and adjusted ENPV costs for NoOpt4 were $1,066Kk.

Optl and Opt2 Results. These simulations optimize the number of groundwater monitoring wells
from a minimum of 4 in each TZ (currently available compliance wells) to a maximum of 10 in
each TZ. Quarterly sampling is assumed. No soil sampling is considered. A fixed value of two is
specified for the minimum number of groundwater sampling rounds following each injection
before termination or reinjection decisions can be made. Fixed values of o = 0.5 for Optl and a =
0.05 for Opt2 are assumed. Additional optimized variables for these cases are injected oxidant
concentrations for each TZ, average groundwater concentration below which ISCO can be

terminated for an individual TZ CJ ., , and average groundwater concentration above which

oxidant reinjection will be intitated for a TZ C2{,.,. Note that since « and Cg;, , are explicitly

related via eq. (5.22), both cannot be optimized. Results for Optl indicate a failure probability of
<1% (Table 5.6). The ENPV cost is $955k, which is $79k (7.6%) lower than that for NoOpt1, the
“best engineering practice” case, which had a 4% failure probability. The adjusted NPV cost for
Optl is $122k (11.3%) lower than that for NoOptl. Compared to NoOpt4, which had a failure
probability <1%, the Optl ENPV cost is $111k (10.4%) lower. Savings for Opt1 are achieved by
a 3 month shorter expected duration, 18% lower total oxidant volume, and 12% lower oxidant
mass utilized compared to NoOpt1.
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Optimization of the number of monitoring wells for Opt1 kept the number at their initial values of
four per TZ. The optimized oxidant concentration was 7 g/L for TZ A (the smallest, most

gw

contaminanted zone) and about 14 g/L for TZs B and C. The TZ stop criteria Cgg, was slightly

more aggressive (95 ug/L) compared to the site-wide value CS" . (100 ug/L) and the optimized

stop all
Cinect Value of 306 ug/L was significantly more aggressive than the value used for the NoOpt

cases (200 ug/L). The probability-weighted average number of oxidant injection events was 4.5
forTZA, 1.4forTZBand 1.2 for TZC.

Results for Opt2 with « = 0.05 differ little from Optl. The failure probabilities were both <1%
and the ENPV cost of Opt2 was only $4k higher than Opt1. The more stringent « value used for
Opt2 was offset by slightly less aggressive optimized TZ oxidant concentrations and a less

aggressive C2 while the optimized value of CJ  was more aggressive than for Optl.

reinject stopTZ

Interactions among the optimized variables are clearly complex and nonlinear.

Opt3 and Opt4 Results. These cases are the same as Optl and Opt2, except that soil sampling is
considered in addition to groundwater monitoring. We still assume existing groundwater
monitoring wells will be sampled and allow additional wells (up to 10 per TZ) to be installed.
From 0 to 10 soil borings are also allowed for each TZ with up to 2 sample depths per boring. The
frequency of soil sampling as a multiple of the quarterly frequency of groundwater sampling was
also optimized between once a quarter to once every 4 quarters.

Opt3 with a = 0.5 yielded a failure probability <1% and an ENPV cost of $952k, just $3k less than
Optl. Opt4 with a = 0.05 also had a failure probability <1%. Its ENPV cost was $957k, slightly
higher than Opt1 and slightly lower than Opt2. The optimized number of monitoring wells for both
Opt3 and Opt4 was 4 for each TZ, correponding to the initial wells available. The optimized
number of soil borings was zero in TZ A and one in TZ B for both cases. The optimized number
of soil borings for TZ C was two for Opt3 and one for Opt4. In addtion, the optimized frequency
of soil sampling (Fsoiligw) Was once every three groundwater samplings for both Opt3 and Opt4,

i.e., optimized Feoilgw = 3 indicating At =3 At

mon mon *

Optimized oxidant concentrations for each TZ were higher for Opt3 and Opt4 than for Optl and
Opt2, resulting in fewer oxidant injections for Opt3 and Opt4 compared to Optl and Opt2.
However, the average treatment duration for Opt 3 and Op4 were longer due to longer intervals
between injection events to perform additional sampling. As observed for Optl and Opt2, similar

cost and performance was achieved for Opt3 and Opt4 by optimizing CZ 1, , C2lis Coxo, and

reinject !
performance monitoring variables, regardless of the assumed fixed value of a. We regard Opt4 as
the best case for optimization as it permits soil sampling to the extent justified by performance and
cost and uses a conservative significance level which reduces failure probability.

Inspection of cost probability distributions for the various cases (Figure 5.5) reveals a distinct
positive skew for all NoOpt cases as evidenced by expected values that are significantly greater
than the medians. This is much less the case for optimized simulations, which exhibit essentially
zero skew for Opt3 and Opt4, slightly negative skew for Opt2, and positive skew for Opt1 (which
was largely constrained by NoOpt assumptions).
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Figure 5.5. Probability distributions of unadjusted NPV total cost excluding penalty cost for
Example 2 cases: (a) NoOptl, (b) NoOpt2, (c) NoOpt3, (d) NoOpt4, (e) Optl, (f) Opt2, (g) Opt3,
and (h) Opt4.
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Narrowing our attention to the “current best practice” case (NoOptl) and the most conservative
optimization case (Opt4), we consider the probability of exceeding various adjusted total costs for
these cases (Table 5.8). The low ends of the distributions are offset very little with nearly identical
minimum costs for both cases. However, the offset between the distributions increases at higher
costs with the Opt4 case offset approximately $150,000 below NoOptl for NoOptl costs above
$1,100,000. While the adjusted expected cost for Opt4 is $120,000 less than that for NoOpt1, the
maximum adjusted cost is $156,000 less for Opt4. Thus, optimization not only reduced the
adjusted expected cost by 11.1%, but reduced the worst-case cost by an even greater amount

(14.5%).

Table 5.8 Probability of exceeding failure-adjusted costs for NoOpt1 and Opt4 cases.

Adj. Cost, $ NoOptl Opt4
600,000 100% 100%
700,000 98% 94%
800,000 95% 81%
900,000 82% 63%

1,000,000 61% 37%
1,100,000 41% 17%
1,200,000 27% 9%
1,300,000 16% 3%
1,400,000 5% 0%
1,500,000 1% 0%
1,600,000 0% 0%

5.9 Summary

We have presented a simplified model for DNAPL source remediation using ISCO that
incorporates the most important physical and chemical processes with a variety of performance
monitoring options for making real-time decisions and implementing most cost-effective
solutions. Stochastic cost optimization is employed to determine design variables that minimize
the expected (probability-weighted average) total cost to achieve defined remediation objectives.
Sensitivity analyses indicated that sites with higher groundwater velocities can be expected to
reach cleanup objectives sooner, although more oxidant may be required due to larger advective
losses. Remediation duration decreased markedly with increases in the second-order NOD rate
coefficient at lower velocities, but was much less sensitive at higher velocities due to advective
oxidant losses. Remediation duration was predicted to decrease markedly with higher
concentrations of injected oxidant due to enhanced DNAPL dissolution. Pore clogging was not
found to be significant under the range of conditions studied using a literature value for the pore
clogging coefficient Srina. However, since little information is available on the variability of this
coefficient, we suggest field data be collected to calibrate the value if pore clogging is of concern.

Simulation results reported here clearly demonstrate the importance of accounting for
measurement and model uncertainty in the design process. Cases studied that had <1% probability
of failing to meet cleanup criteria showed post-remediation probability-weighted average
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groundwater concentrations ranging from 1 to 11 ug/L — far below the cleanup target of 100 pg/L.
This implies that if one rigorously designed for average site conditions, the probability of failure
would be very high.

A unique feature of the proposed ISCO operational methodology is the introduction of a
termination criteria that compares the upper confidence limit of average measured concentration
at a specified probability level with the cleanup target to provide a margin of safety to termination
decisions. Another component is a strict monitoring protocol for making decisions to reinject
oxidant or terminate further treatment for treatment zones (TZ) within the aggregate treatment
volume using only groundwater sampling or groundwater and soil sampling. Derived statistical
termination criteria allow site-wide and treatment zone termination decisions to be made with
equal reliability. In some cases, cleaning up less contaminated TZs to more stringent criteria can
allow site-wide average concentration targets to be met earlier and with lower costs. ISCO design
variables that may be optimized include:

Concentration of injected oxidant in each TZ

Cleanup targets for TZ termination (with fixed site-wide criteria)

Contaminant concentration above which reinjection will be initiated

Number of soil and/or groundwater sampling locations in each TZ

Soil and/or groundwater sampling frequency

Number of samples per location

Minimum groundwater sampling events following injection before termination decisions
can be made (to allow for rebound)

Non-optimized cases reported here (NoOpt1-NoOpt4) revealed two distinct modes of failure when
using the proposed monitoring protocol. The first is measurement error — i.e., limited numbers of
samples and measurement “noise” leads us to believe cleanup criteria have been met when they

actually have not. The second is rebound lag error — i.e., if we require a minimum of N®' rounds

min
of groundwater samples after oxidant injection before making a termination decision, but it takes
more than N rounds before the concentration rebounds above non-detect, we will erroneously

conclude the TZ is clean. The likelihood of the first error can be reduced by specifying a
significance level o <0.5 or using a TZ stop criteria for soil or groundwater that is less than the
gw

site-wide criteria, i.e., C3) , <Cg ., . Considering the complexity of optimized parameter

aqw

interactions evident in the optimization examples and the fact that o and Cgg, ., (or Cjt‘;i; 17)
cannot be simultaneously optimized, we suggest to use a modest fixed value for a (e.g., 0.2

corresponding to an 80% upper confidence limit) and optimize Cg;, ., values.

Costs for ISCO have been reported to range from $26 to $679 per m*® with median values between
$123 and $163 per m®* (McDade et al. 2005, Krembs et al. 2010). The extremely wide range in
reported volumetric costs likely reflects large variations in contaminant properties, initial
concentrations, target cleanup levels, source depth and thickness, geologic complexity, etc. For the
Monte Carlo simulations reported here, unit costs ranged from about $115 to $225 per m3, which
is well within the reported range.

For the hypothetical site considered, optimization of TZ oxidant concentrations, treatment zone-
level cleanup criteria, reinjection criteria, and performance monitoring variables yielded a failure-
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adjusted expected cost about 11% lower than a non-optimized case approximating current best
engineering practice. Furthermore, the cost probability distribution for the optimized design
eliminated positive skew evident in the “best practice” such that the worst case cost for the
optimized design was 14.5% lower than that for the non-optimized design. Since the number of
monitoring wells used for the “best practice” case was greater than is often available, and the
number assumed fortuitously turned out to be optimal, significantly larger cost savings are likely
to be realized in many cases.

Because cost and performance sensitivity are highly dependent on many site-specific factors, we
do not want to leave the impression that optimal ISCO operating or performance monitoring
variables can be inferred from the specific cases presented here. However, adoption of the
stochastic design process in conjunction with proposed real-time performance monitoring and
decision-mking protocols promises to yield more robust, reliable and cost-effective applications
of ISCO to DNAPL sites with real-world uncertainty taken into account.

ISCO

We have presented a simplified model for DNAPL source remediation using ISCO that
incorporates the most important physical and chemical processes with a variety of performance
monitoring options for making real-time decisions and implementing most cost-effective
solutions. Stochastic cost optimization is employed to determine design variables that minimize
the expected (probability-weighted average) total cost to achieve defined remediation objectives.
Sensitivity analyses indicated that sites with higher groundwater velocities can be expected to
reach cleanup objectives sooner, although more oxidant may be required due to larger advective
losses. Remediation duration decreased markedly with increases in the second-order NOD rate
coefficient at lower velocities, but was much less sensitive at higher velocities due to advective
oxidant losses. Remediation duration was predicted to decrease markedly with higher
concentrations of injected oxidant due to enhanced DNAPL dissolution. Pore clogging was not
found to be significant under the range of conditions studied using a literature value for the pore
clogging coefficient Srina. However, since little information is available on the variability of this
coefficient, we suggest field data be collected to calibrate the value if pore clogging is of concern.

Simulation results reported here clearly demonstrate the importance of accounting for
measurement and model uncertainty in the design process. Cases studied that had <1% probability
of failing to meet cleanup criteria showed post-remediation probability-weighted average
groundwater concentrations ranging from 1 to 11 ug/L — far below the cleanup target of 100 pg/L.
This implies that if one rigorously designed for average site conditions, the probability of failure
would be very high.

A unique feature of the proposed ISCO operational methodology is the introduction of a
termination criteria that compares the upper confidence limit of average measured concentration
at a specified probability level with the cleanup target to provide a margin of safety to termination
decisions. Another component is a strict monitoring protocol for making decisions to reinject
oxidant or terminate further treatment for treatment zones (TZ) within the aggregate treatment
volume using only groundwater sampling or groundwater and soil sampling. Derived statistical
termination criteria allow site-wide and treatment zone termination decisions to be made with
equal reliability. In some cases, cleaning up less contaminated TZs to more stringent criteria can
allow site-wide average concentration targets to be met earlier and with lower costs. ISCO design
variables that may be optimized include:
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Concentration of injected oxidant in each TZ

Cleanup targets for TZ termination (with fixed site-wide criteria)

Contaminant concentration above which reinjection will be initiated

Number of soil and/or groundwater sampling locations in each TZ

Soil and/or groundwater sampling frequency

Number of samples per location

Minimum groundwater sampling events following injection before termination decisions
can be made (to allow for rebound)

Non-optimized cases reported here (NoOpt1-NoOpt4) revealed two distinct modes of failure when
using the proposed monitoring protocol. The first is measurement error — i.e., limited numbers of
samples and measurement “noise” leads us to believe cleanup criteria have been met when they

actually have not. The second is rebound lag error — i.e., if we require a minimum of N%' rounds

min
of groundwater samples after oxidant injection before making a termination decision, but it takes
more than N %' rounds before the concentration rebounds above non-detect, we will erroneously

min
conclude the TZ is clean. The likelihood of the first error can be reduced by specifying a
significance level « <0.5 or using a TZ stop criteria for soil or groundwater that is less than the

site-wide criteria, i.e., C3) , <Cg ., . Considering the complexity of optimized parameter

interactions evident in the optimization examples and the fact that a and CZ%, ., (or C 1, )
cannot be simultaneously optimized, we suggest to use a modest fixed value for a (e.g., 0.2

corresponding to an 80% upper confidence limit) and optimize Cg;, ., values.

Costs for ISCO have been reported to range from $26 to $679 per m* with median values between
$123 and $163 per m® (McDade et al. 2005, Krembs et al. 2010). The extremely wide range in
reported volumetric costs likely reflects large variations in contaminant properties, initial
concentrations, target cleanup levels, source depth and thickness, geologic complexity, etc. For the
Monte Carlo simulations reported here, unit costs ranged from about $115 to $225 per m3, which
is well within the reported range.

For the hypothetical site considered, optimization of TZ oxidant concentrations, treatment zone-
level cleanup criteria, reinjection criteria, and performance monitoring variables yielded a failure-
adjusted expected cost about 11% lower than a non-optimized case approximating current best
engineering practice. Furthermore, the cost probability distribution for the optimized design
eliminated positive skew evident in the “best practice” such that the worst case cost for the
optimized design was 14.5% lower than that for the non-optimized design. Since the number of
monitoring wells used for the “best practice” case was greater than is often available, and the
number assumed fortuitously turned out to be optimal, significantly larger cost savings are likely
to be realized in many cases.

Because cost and performance sensitivity are highly dependent on many site-specific factors, we
do not want to leave the impression that optimal ISCO operating or performance monitoring
variables can be inferred from the specific cases presented here. However, adoption of the
stochastic design process in conjunction with proposed real-time performance monitoring and
decision-mking protocols promises to yield more robust, reliable and cost-effective applications
of ISCO to DNAPL sites with real-world uncertainty taken into account.
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6. Transport Model Calibration and Uncertainty Analysis

6.1 Overview

Before the dissolved plume transport model can be used to evaluate effects of various design
variables on the expected performance and cost of remediation strategies of interest, a number of
site-specific parameters must be estimated from site characterization data and other sources. Most
model parameters will be subject to more or less uncertainty, depending on the quality and quantity
of data available. In addition to parametric uncertainty, models are, by definition, simplifications
of reality, and thus are subject to intrinsic model formulation errors associated with explicit or
implicit simplifying assumptions that have been invoked. Measurements used to estimate model
parameters are themselves subject to sampling and analytical errors, which also contribute to
prediction uncertainty.

Therefore, the first step that must be undertaken prior to employing a model to evaluate current or
proposed remediation strategies is to perform model calibration using all available data and then
to quantify parametric, intrinsic and measurement uncertainty. The model can then be used to make
forward estimates of performance and cost and to quantify the prediction uncertainty.

6.2 Computational methods

6.2.1 Inverse modeling approach

The purpose of the calibration/uncertainty analysis module is to determine best estimates of key
model parameters and to quantify parametric and residual model uncertainty. The SCOToolkit
model calibration process utilizes field measurements (which may comprise various types of data,
e.g., contaminant concentrations, natural ED concentrations, and contaminant fluxes at various
locations and times), and prior information about parameter values and their uncertainty.
Assuming Gaussian (or log-Gaussian) measurement errors and prior parameter distributions, we
seek to minimize the negative log of the posterior distribution, L, described by

L :%wTw(y—h(s))T R(B)l(y—h(s))+%(s—s*)T Q'(s—s") (6.1)

where y is a vector of field measurements, s is a vector of parameter values, s* is a vector of prior
parameter estimates, h(s) is a vector of model predictions corresponding to the field measurements,
R is a matrix of measurement covariances corresponding to the vector of data types 0 (e.g.,
measured contaminant concentration, source mass, source mass discharge rate, etc.), w is a user-
defined weighting matrix, and Q is the covariance matrix of prior parameter estimates. Off-
diagonal terms are disregarded for w, R and Q.

The last term in (6.1) is often referred to as a “penalty function” because it imposes a penalty on
the objective function in proportion to the deviations between calibrated parameter values and their
prior estimates normalized by their uncertainty. This functions like an elastic constraint. As
parameters stretch further from their prior estimates, the penalty increases to constrain them unless
there is a sufficient counteracting force from reduced deviations between measurements and model
predictions. This feature makes the inverse solution very robust. By specifying prior best estimates
of model parameters and uncertainty in the prior estimates, the inverse solution is much more
stable and allows improved estimates of more parameters to be made than would otherwise be
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possible. Therefore, it is important to carefully consider all information at your disposal, from
direct site data to experience with similar sites or literature correlations, to specify prior estimates
of parameters and their uncertainty. In addition to variable constraints on parameters associated
with the stipulation of prior parameter uncertainty, absolute upper and lower constraints may also
be placed on any parameters.

Each model parameter and each data type may be log-transformed prior to application of eq. (6.1).
For parameters or data types that are physically constrained to be non-negative and that are
expected to exhibit a coefficient of uncertainty greater than ~20%, log-transformation is advisable.
Also, calibration data types that exhibit ranges in the data set that extend over several orders-of-
magnitude, log-transformation may be desirable if comparable relative error (as opposed to
absolute error) is desired over the measurement range. Otherwise, the regression results will likely
be controlled by absolute errors from a small number of large data values.

Field measurements of contaminant concentrations, source mass, etc. that are calibration targets in
the objective function may also be log-transformed at the discretion of the analyst. Since these
values are invariably physically constrained to be non-negative and exhibit large variability, log-
transformation is highly advisable in most cases. It should be recognized that when calibration
data are log-transformed, the objective function effectively seeks to minimize the relative error in
measurements rather than the absolute error. This is generally desirable, since a 10 ppm error in a
1000 ppm value is easily acceptable, while a 10 ppm error in a 1 ppm value is much less so.
Nevertheless, it should be recognized that log-transformation has the effect of putting greater
weight (in absolute terms) on small values than large values, hence on defining the plume perimeter
more accurately than the magnitude of “hot spots.” To the extent the analyst requires more or less
weight on certain values, user-prescribed weights can be assigned to individual data points of
groups of data.

A related calibration issue involves the handling of calibration data that are below detection or
quantification limits. Since the log of zero is undefined, entering these values as zero is not an
option. The inclination to enter such values as small nonzero values, such as 101°, however, will
produce undesirable results. To illustrate, consider a data point that is below the detection limit of
say 1 ppb. The model predicts a value of 0.1 ppb. Not too bad, but the In deviation would be In(0.1)
— In(101% = 20.7 and the squared deviation would be 429, which would likely dominate the
objective function resulting in very poor model calibration. As a practical matter, setting non-
detect values equal to around 10% of the detection limit will produce reasonable results.

The magnitude of each data type’s uncertainty (i.e., diagonal terms in R) is generally not known a
priori, but posterior estimates can be made using the Restricted Maximum Likelihood (RML)
algorithm (Kitanidis, 1987). Note that the final estimate of residual prediction uncertainty R for
each data type represents the portion of data variability that cannot be accounted for by the model,
which may be due to sampling or measurement errors and/or to intrinsic limitations of the model
to represent all processes in the field. For simplicity, we will refer to this uncertainty as the
“residual” error. A gradient-based nonlinear optimization algorithm is used to find the solution
that minimizes (6.1).



6.2.2 Evaluation of model prediction uncertainty

Uncertainty in forward simulations of remediation performance and cost is characterized using a
MC modeling approach. Liu et al. (2010) have shown that linearized uncertainty methods compare
well with more rigorous and much more computationally intensive than Markov Chain Monte
Carlo (MCMC) methods when data is not inordinately noisy and reasonable prior information is
available to condition parameter estimates. Thus, we utilize linearized uncertainty propagation
methods to generate conditional parameter realizations.

An estimate of the posterior covariance matrix is computed from the final calibration results as
cov(s) = (H'R(6) "H+ Q‘l)_l (6.2)

where Hij= oh;/ds; is a sensitivity matrix. As noted above, incorporating prior estimates of

parameters and their uncertainty into the regression objective function greatly reduces non-
uniqueness problems in the inverse solution and allows many more parameters to be calibrated
than would be possible with unconstrained optimization. This not only allows refinement of
parameters with relatively low uncertainty that may otherwise be assumed at their prior estimates,
but allows interactions among more parameters, through the covariance matrix, to be taken into
consideration in the error analysis.

Performance models are used to simulate soil and/or groundwater concentrations in source zones
during ISCO or thermal treatment, groundwater concentrations at ED injection gallery monitoring
locations, and soil and/or (resident or flux) groundwater concentrations at compliance wells, which
are used for making “real-time” operational decisions during simulations (e.g., to turn remediation
systems off, terminate monitoring, or incur “penalty costs”).

Monet Carlo realizations are computed in two steps:

1. The first step is to generate Nmc equiprobable realizations of all uncertain model parameters
for the problem under consideration using standard methods for multivariate Gaussian
distributions (e.g., Press et al, 2007) based on parameter best estimates and covariances
determined from the calibration and user-defined uncertainty for specified non-calibrated
variables. If log-transformations of parameters were used during calibration, the same
transformations must be used for parameter generation. In addition, uncorrelated normal
or log-normal “noise” may be optionally applied to non-calibrated model inputs — including
cost model coefficients. Simulations are performed for each parameter set realization.

2. The second step adds log-normal “white noise” to each realization using a user-specified
natural-log standard deviation that represents errors associated with sampling and
measurement methods and those attributable to deviations from model simplifications. We
recommend taking the later as the residual error in the current model calibration (i.e.,
standard deviation of calibrated and measured In concentrations.

NPV cost is computed for each MC realization (including penalty costs for noncompliant
realizations) and the expected NPV cost across all realizations is determined. This protocol—in
conjunction with the “penalty cost” assigned to realizations that fail to meet remediation
objectives—ensures that optimized design parameters will be sufficiently conservative to achieve
an acceptable probability of meeting compliance criteria.



6.3 Transport model calibration protocol

6.3.1 Overview

Since transport model parameters can, at best, only be roughly estimated a priori, model calibration
to measured contaminant concentrations and other data, is critical to realize the maximum possible
accuracy. Furthermore, uncertainty in model parameters, and predictions based upon them, can
only be determined through inverse modeling methods as discussed above. While a priori estimates
of many model parameters have large uncertainty, others exhibit small or moderate uncertainty.
Even for parameters with large a prior uncertainty, if the range can be narrowed from 2 to 1 orders-
of-magnitude, calibration accuracy, reliability and even feasibility can be significantly improved.

There are two important categories of poor models we will call ‘bad’ and ‘really bad.” Merely bad
models exhibit very high uncertainty; however, they are accurate within these wide bounds. That
is, reality lies somewhere within the broad confidence limits. This is the realm of “known
unknowns.” Remediation plans based on such models will lead to very conservative but reliable
designs.

Really bad models may have wide or not so wide confidence limits, but reality lies outside the
limits. This is the realm of “unknown unknowns,” which can lead to very poor decisions. Really
bad models are typically the result of erroneous assumptions — most often associated with an
inappropriate conceptual model or incorrect boundary conditions. Boundary conditions in the
SCOToolkit transport solution are rigorously formulated and the only user requirement is to select
an output mode consistent with the sample type (e.g., flux concentrations for monitoring wells).
We will consider conceptual model issues later.

Another possible cause of really bad models is non-uniqueness in the inverse solution. The
inversion algorithm used by SCOToolkit is very robust and relatively immune to non-uniqueness.
However, insufficient or very “noisy” calibration data and/or poor specification of prior parameter
values can lead to poorly posed inverse problems. The protocol described below employs all
available quantitative and qualitative information to formulate a stable inverse solution and tests
for possible non-uniqueness.

6.3.2 Development of site conceptual model

Development of an accurate site conceptual model is a critical task. If it is substantially wrong,
nothing else will matter. Important components include characterizing the groundwater flow
regime (e.g., aquifer properties, flow velocity and direction) and identifying contaminant sources
(e.g., locations, dimensions, contaminants). The aquifer may be unconfined or semi-confined.
Groundwater flow is treated as horizontal and planar, although mildly curvilinear horizontal flow
paths may be approximated. Vertical groundwater flow is not explicitly considered, although
effects of a steady-state vertical hydraulic gradient may be approximated for shallow sources by
higher or lower vertical dispersivities for downward and upward gradients, respectively.

The analytical transport solution assumes statistically homogeneous and isotropic aquifer
properties — except for decay coefficients, which may be zoned as a function of distance from the
source. Of course, no aquifers are strictly homogeneous. Statistical homogeneity means that
properties can be upscaled or averaged at a scale sufficient to describe field behavior. For example,
if permeability varies in a more-or-less random fashion independent of direction or distance from
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a source, the “effective” upscaled permeability will approximate the geometric average of local
scale values. If permeability exhibits a high correlation scale in the horizontal direction and a low
correlation scale in the vertical direction (i.e., stratified beds), the effective horizontal permeability
will correspond to the thickness-weighted arithmetic average. When permeability ratios between
adjacent layers are large and lower permeability layers are thick, diffusional mass transfer
limitations may arise, which may be upscaled as described in Chapter 2.

Provided upscaled properties do not exhibit substantial spatial trends — i.e., upscaled properties at
proximal and distal ends of the plume are similar — the analytical solution will usually be
applicable. However, as the degree of local heterogeneity increases, mismatches between the
averaging scale of the model and measurement scales will usually increase. For example, if the
aquifer consists of alternating 1 m thick high and low permeability layers and monitoring wells
are screened over several meters, model and measurement scales would be harmonious. However,
if water samples are obtained from multi-level wells with very short screens, model and
measurement scales would not be consistent. The later data could still be used for calibration,
effectively using the inverse solution to perform upscaling. However, the average deviation
between measurements and model simulated values will be much larger than if the measurements
were available at a scale consistent with the model. For the example given, this could be achieved
by vertically averaging small scale measurements over intervals of 2 m or more. In general,
calibration error will decrease as the scale of field measurements increases. Field measurements
also exhibit short term fluctuations which may be due to transient hydraulic fluctuations or to
variability in sampling and lab analyses. In any case, averaging over time (e.g., annual averaging
of quarterly samples) will also reduce calibration error. From an exposure risk standpoint, model
accuracy at larger time and space scales is usually more important than at smaller scales.

Keep in mind that a single SCOToolkit source function can represent residual DNAPL or DNAPL
lenses or pools, but not both. If both are significant, you should use different sources for residual
DNAPL and pools or lenses. Multiple sources may be completely separated, partially overlapping
or completely overlapping.

Many DNAPL sites have significant contamination from multiple species, which may occur due
to releases of multiple contaminants and/or to in situ biotransformations of an initially released
species. For example, PCE can degrade to TCE which degrades in turn to 1,1-DCE and then to
VC. Since PCE and TCE have similar toxicological characteristics, when both occur in significant
amounts, it may be useful to combine the two as a single “pseudo-species” for purposes of
modeling with SCOToolkit, which can only model one nominal species at a time.

Before proceeding further, confirm whether your conceptual model is reasonably within the
bounds of SCOToolkit assumptions.

6.3.3 Groundwater flow field

Although the analytical transport model explicitly assumes a uniform planar groundwater flow
field, SCOToolkit considers mildly nonlinear flow fields using a coordinate transformation to map
nonlinear streamlines described by a cubic polynomial to “equivalent” planar coordinates. Field
coordinates are usually specified by survey data in northing and easting values relative to a from
a reference location. However, any Cartesian coordinate system may be adopted, provided the
units are in meters.



If a planar flow field model is employed, the user must specify field coordinates for the center of
a vertical plane at the downgradient edge of the source or ED gallery and the flow direction (in
degrees positive counterclockwise or negative clockwise from the field X-axis). If a nonlinear
streamline is applicable, in addition to source coordinates (Xo,Yo), coefficients a, b and c of the
polynomial Y = Yo+a(X—Xo)+b(X—Xo)2+c(X—Xo)® must be specified.

A constraint on the polynomial streamline model is that X-axis values of the streamline must
increase or decrease monotonically along the streamline. An example of a non-monotonic
streamline is illustrated in Figure 6.1a below. Note that from northernmost end of the streamline,
flow is initially to the southeast. But this gradually shifts south and then southwest resulting in
multiple northing values for single easting values. However, if the coordinates are reversed as
illustrated in Figure 6.1b, the function becomes monotonic with respect to the x-axis, now taken
as northing.

Unless the streamline is non-monotonic with respect to both the easting and northing, this simple
axis swap resolves the problem. All that is required is to fit parameters with the reversed
coordinates and to input northing values for all x-axis inputs and easting values for all y-axis inputs
in SCOToolkit (e.g., source locations, well locations, gallery locations, etc.). When plotting model
results as a map view (e.g., plume contours or posted values), it will simply be necessary to
remember to switch the coordinates back for a normal map view (i.e., north up).

The process of fitting linear or polynomial model parameters can be performed easily using the
SCOToolkit Excel tool Streamline calulation.xIsx, which includes detailed instructions and
automatically checks for and performs axis swapping as necessary (Appendix A).

(@) (b)

Northing
Easting

Non-monotonic

X Monotonic
X-axis values

X-axis values

Easting Northing

Figure 6.1. Streamline that is (a) non-monotonic with respect to the X-axis (easting), and
(b) same data with axes swapped giving a monotonic function versus northing on the X-axis.

6.3.4 Initial estimates of model parameters and their uncertainty
Statistical issues

Make a list of all parameters pertinent to your site conceptual model. You will need to make best
estimates of all model parameters considering all site data at your disposal, plus experience with
similar sites, published parameter ranges, and reported correlations with other variables. You will
also need to quantify the uncertainty in each parameter. We will discuss methods to estimate
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various SCOToolkit parameters below. But first, let’s consider a few issues regarding the
quantification of parameter uncertainty.

SCOToolkit allows users to represent parameter uncertainty using either a normal or log-normal
distribution. A normal distribution with a coefficient of variation (ratio of mean to standard
deviation) greater than about 0.3 has a significant likelihood of including negative parameter
values, which are physically impossible for parameters in SCOToolkit. A few parameters, such as
porosity, may have small enough uncertainty that a normal distribution could be used. However,
since normal distributions are closely approximated by log-normal curves when the coefficient of
variation is small, it is more convenient to use the log-normal distribution for all parameters. Note
that the standard deviations of a natural log-transformed parameter (Sin) is a dimensionless measure
of relative uncertainty. As discussed in section 6.3.2, most model parameters represent “effective”
values averaged over the entire model domain. For physical quantities like porosity, simple
arithmetic averaging is applicable if we have measurements from multiple samples. For other
parameters, like hydraulic conductivity, the “effective” value depends on the spatial configuration
of “point” values. For example, for flow parallel to layers, simple arithmetic averaging is
appropriate, for flow perpendicular to layers harmonic averaging is applicable, while for randomly
distributed heterogeneity, geometric averaging (i.e., averaging log values) is best.

To the extent that effective field scale property values are determined from multiple local scale
measurements, we need to characterize uncertainty in the effective or averaged value (Sin avg), not
that of individual sample measurements (Sinsmp). These quantities are related via

_5 = Swem (6.3)

Inavg — N1/2

S

In

where N is the number of samples in the data set used to compute the average (or “effective”)
value. For example, if we have data for 9 slug tests with a sample In standard deviation Sin smp Of
0.6 (i.e., standard deviation of all In measurements), then Sin avg is 0.6/92 = 0.2. The latter is the
uncertainty applicable to SCOToolkit (e.g., for use in computing pore velocity uncertainty which
we will discuss later). We use the notation Sin here to designate uncertainty in effective parameter
values. If multiple measurements are available from which to compute average or effective values,
(1) may be used to calculate Sin.

Another statistical relationship is useful for estimating the uncertainty of a value that is computed
from multiple linearly related uncertain variables. If parameter g =f(p1,p2...pn), where f is a linear
function of uncorrelated variables p1, p2, etc., then

SInq = (isln pi) : (64)

For example, if mean hydraulic conductivity, hydraulic gradient, and porosity are estimated as 25
m/d, 0.01, and 0.3 with Sin values of 0.1, 0.05 and 0.05, respectively, then the mean pore velocity
is 25x0.01/0.3 = 0.83 m/d with an Sin of (0.10%+0.05%+0.052)2 = 0.12.

For some parameters, data will not be available to explicitly compute parameter uncertainty. In
such cases, use your experience and/or published results to estimate reasonable upper and lower
bounds (Pmax and Pmin, respectively) for the parameters. If these bounds are taken to represent p%
confidence limits, then Sin = (In Pmax — In Pmin)/t2(p) where t2 is ~2, 4 or 6 for p = 66, 95 and 99%,
respectively.



Prior parameter estimates are used as the starting point for the nonlinear regression algorithm and
uncertainty estimates are used to constrain the estimation algorithm by placing a “penalty” on the
objective function as estimates stray further from the prior best estimate relative to the parameter
uncertainty.

The bane of nonlinear regression problems is non-uniqueness. When data being regressed is
“noisy” and there are a lot of uncertain parameters, multiple sets of model parameters can produce
nearly indistinguishable fits to the data, which may lead to false parameter estimates. Fewer
parameters with smaller uncertainties reduce the likelihood of this. However, if some initial
parameter estimates are significantly off and uncertainty has been underestimated, the over-
constrained regression may be unable find the “true” solution. So, there is a tradeoff. If parameter
uncertainty is overestimated, non-uniqueness may cause problems. However, if it is
underestimated, the solution may be over-constrained. In general, it is safer to error on the side of
overestimating prior parameter uncertainty. But don’t overdo it.

Aquifer parameters

One of the most critical variables in the transport model is the mean contaminant velocity

v =¢1R (6.52)
pbkd

where g is the darcy velocity, ¢ is porosity, o is bulk density, and kq is the sorption coefficient.
Parameter inputs required by SCOToolkit to compute the mean contaminant velocity are q, ¢, oo,
and kq. Note that since these parameters are all linearly related, we can only calibrate one of them.
Any attempt to calibrate others would result in an infinite number of solutions with identical fits
to calibration data.

Darcy velocity is commonly estimated as the product of mean hydraulic gradient estimated from
water level data, and hydraulic conductivity based on slug and/or pump tests.

Porosity and bulk density can be measured on core samples. However, since their range is rather
small, their values are often assumed based on studies of similar aquifer material. Given an
estimate of porosity ¢, and using a typical particle density ps of 2650 kg/m?3, bulk density o can
be estimated from porosity as

Py =ps(1-9). (6.6)

Sorption coefficients for organic chemicals can be estimated from aquifer organic carbon content
foc as

kd = fockoc (67)
where koc IS a carbon normalized sorption coefficient, values of which are widely tabulated for

common organic contaminants. Organic carbon content can be easily measured on samples of
aquifer material, but since it can exhibit large spatial heterogeneity in some aquifers, it is advisable



to take several samples. Since only the average value is required for modeling, lab costs can be
reduced by compositing the samples.

If multiple species are modeled as a single pseudo-species, a weighted average koc value will need
to be used, which may be computed as

NS
koc pseudo = Zkoc i fi (68)
i=1

where koci is the koc Value for species i and fi is a ratio of the average concentration of species i
within the plume to the average of pseudo-species concentration. Note that differences in koc for
multiple species will result in greater apparent dispersion of the pseudo-species plume compared
to individual plumes.

Decay coefficients are difficult to determine directly from individual wells with any accuracy,
since nominal attenuation rates observed in wells depend on many factors in addition to chemical
or biological transformations (e.g., dispersion, source attenuation). An alternative method for
making initial estimates of the decay coefficient is to compute plume-wide ratios fij of the average
concentration of daughter species i to that of parent species j over time and regress the data to
compute the decay coefficient A from

_diInf;

T dt
Note that if a pseudo-species is modeled j represents the pseudo-species and i is the net daughter
product of the pseudo-species. For example, if the pseudo-species is PCE+TCE, then fj is the ratio
of DCE to PCE+TCE. The decay coefficient for PCE+TCE — DCE will be much smaller than the

decay coefficient for PCE — TCE or TCE — DCE. Therefore, uncertainty in the decay coefficient
will have much less effect of prediction uncertainty for the pseudo-species model.

(6.9)

Source parameters

As part of the site conceptual model development, estimates of average source length Lx, width Ly,
and thickness L., and coordinates for the center of the downgradient vertical plane should be made
for each source. Note that all source dimensions refer to the source configuration below the water
table only. If the source is located completely within the unsaturated zone, width and length refer
to the dimensions of the area at the water table impacted by leaching from the source. Source
thickness in this case should be specified as a small but non-zero value, e.g., 0.5 m. Vertical
dimensions are taken as positive downward with zero at the water table. Thus, a DNAPL pool
lying from 4 to 5 m below the water table in a 10 m thick aquifer would have a source thickness
of 1 m and a mid-point vertical coordinate of 4.5 m. Estimates of source width and thickness may
be refined during calibration within specified lower and upper ranges based on site characterization
data.

Additional parameters required for each source include: initial date of contaminant release ts, final
data of contaminant release to, source depletion exponent g, total contaminant mass Mca in the
source at date tcal, and discharge rate Jcal at tcal, Where tca is a specified date prior to any source
treatment actions at which data is available to make initial estimates of Mca and Jcal. Initial ranges
for ts and to can generally be determined based on operational history of the site.



In some cases, estimates of the mass of released contaminant may be estimated from operational
records, although inventory records are notoriously uncertain. Nevertheless, such data can
sometimes be helpful to establish brackets for reasonable values. Better estimates can generally be
made from Nsoil Soil samples collected within the source zone (at time tcar) for which soil

concentrations C:! [M M] are measured for the species or pseudo-species that is to be modeled.

smp

Estimates of Mca and its uncertainty S, .., can be determined from such data by

M cal — pV avg (Cssrig ) (6103.)
. 2 12
stdev(InCg,,
SInMcaI = ( [<\| p)) +(Slnp)2 +(Slnv )2 (61Ob)

soil

where p is the soil dry density with uncertainty Sin ,, V is source volume with uncertainty Sin v,
avg(x) is the average of series x and stdev(x) is its standard deviation. S,,,,., can be quite high

unless the sample size (i.e., soil volume or mass) and/or sample number is large. For the purpose
of estimating source mass, compositing samples over the entire boring interval will improve
accuracy and reduce lab analysis costs.

Estimates of Jcal and its uncertainty S, ;. can be determined from measurements of contaminant

gw
smp

concentrations in groundwater C2 [M L"®] on a vertical plane representative of the downgradient

edge of the source or slightly up- or downgradient. Estimates of Jcai and its uncertainty S, ., can
be determined from N, groundwater samples as

Je =dL,L, avg(CSr) (6.11a)

smp

12

stdev(InC2¥
InJeal — ( f\l p)> +(Slnq)2 +(SInLy)2 +(SIan)2 (611b)

gw

where q is darcy velocity with uncertainty Sinq, Ly is source width with uncertainty Sinvy, and L; is
thickness with uncertainty Sin L.

The most difficult to estimate source parameter is £, which controls the shape of the J(t) and M(t)
curves. Field observations of source mass and/or discharge rates over time are necessary to
calibrate S. As a first step, identify whether the source is predominantly residual DNAPL or
DNAPL pools and/or lenses. Values of g for pools or lenses may range from about 0.1 to 1.0.
Residual DNAPL values will be greater than 1.0. There is no hard upper bound, but values much
above 2 are not common. If you can identify the source as a pool/lens, an initial estimate of g =
0.4 with Sin = 0.3 is reasonable. For residual sources, a value of g= 1.6 with Sin = 0.15 is a good
starting point. If you have no idea about the DNAPL “architecture,” using a value of = 0.7 with
Sin = 0.45 as a first guess with Sin = 0.3. These values can be used as prior estimates and refined
by analyzing field data.
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A simple method to estimate £ from field can be derived by noting that g is the slope of a log-log
plot of discharge rate versus source mass remaining as

t,

Cdind@[* . In(IE,)/3())
P = dinm ®,  In(ME)/ M) (6.122)
where t1 and t2 are times when measurements are made. Furthermore,
In(J(t,)/I(t))=In (CE?V”ZJ (t,)/Coy (tl)) (6.12b)
In(M(t,) /M (t))=In (stg (t,)/ ng’;' (tl)) (6.12¢)

where CZy (t) = avg (C2y (t)) and C32; (t) = avg (Cip (1)) . We may thus substitute (10b) and/or
(10c) into (10a) to estimate /S from source mass or soil concentration data and source discharge or
groundwater concentration data. When limited soil concentration data are available or engineered

source mass reduction has occurred, current mass remaining may be computed as
M(t) =M (t) - aL,L, avg(Cy(t.t,)) ~ M, (6.120)

where avg (CQW (tl...tz)) is the average of all groundwater concentration measurements over the

smp
period from t1 to t2 and Mrem is the quantity of contaminant mass removed by source remediation
efforts such as excavation or thermal treatment. The accuracy of £ estimates made from various
forms of (10) will improve as t2—t1 increases, or more specifically as the mass reduction ratio 1—
M(t2)/M(t1) increases. Ratios greater than 20-30% are more likely to yield reliable S estimates.

A more flexible approach to estimate Jcal, Mcal, and g simultaneously from soil and/or groundwater
data available at multiple dates is to employ the above methods to obtain initial parameter estimates
and then employ a nonlinear regression method to further refine parameters. This has been
implemented in an Excel program titled Source function parameter estimation from field
data.xIsm which employs measured soil and groundwater concentrations from a source area to
estimate source parameters that may be taken as prior estimates for use in eg. (6.1) to refine source
parameters concurrently with aquifer and other parameters based on site-wide data (Appendix A).

6.3.5 Decide what parameters to calibrate

Having made prior estimates of all parameters, we now need to decide which parameters will be
regarded as “known” and which will be refined by calibration to field data. The more parameters
we attempt to calibrate and the less constrained they are (i.e., the greater their prior uncertainty),
the more likely we are to have an ill-posed inverse problem, which means there may be multiple
parameter sets that fit the data equally well or nearly so. So, we need to be selective about what
we calibrate.

Recall that since darcy velocity, porosity, and sorption coefficient are linearly related, only one
may be calibrated. The parameter with the greatest uncertainty (Sin) should be selected to calibrate,
with others fixed at their best estimates.
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Two factors determine the priority ranking as to what other parameters should be calibrated. One
factor is the parameter uncertainty (Sin) that we have already discussed. The second factor is the
sensitivity of the output of interest to the parameter. The product & of these two factors represents
the uncertainty in model output associated with a unit In standard deviation from the best estimate.
We could evaluate ¢ by determining the mean square deviation between the model and calibration
data (or some other statistic) for a “base case” with all parameters at their best estimates minus the
same statistic for each parameter at a value one In standard deviation above its best estimate.
Parameters with the highest ¢ should be calibrated, while the lowest may be fixed at their best
estimate. An alternative but less rigorous method to rank parameters to calibrate is to consider only
the parameter uncertainty.

Either way, the cutoff for the number of parameters to calibrate will depend on how well-posed
(or ill-posed) the inverse problem is, which depends on the quality of the calibration data. A
practical way to decide how many parameters to calibrate is to compare the total model variance

S2 . for calibrations performed using the same regression dataset with different calibrated

Intot
parameter sets, computed as
+S2

In par

2 2
Slntot - SInreg

(6.13)

where Sinreg IS the log standard deviation of the regression (root mean square deviations between
model and measurements), and Smpar is log standard deviation associated with parameter
uncertainty computed from the parameter covariance matrix and average parameter sensitivities
as described in section 6.4.3. Since our goal is to minimize total uncertainty, parameters should
only be calibrated if they produce a decrease in Sintt. As the number of parameters increases, Sin.reg
will decrease monotonically, although the magnitude of reduction will gradually diminish. On the
other hand, Sinpar Will generally increase with more parameters as the covariance matrix grows.
The optimum parameterization occurs when a increase in Sinpar Overtakes a decrease in Sin.reg. (See
Figure 6.6 in section 6.4 of this chapter).

6.3.6 Calibration data averaging and weighting

The calibration data file will include a list of concentration measurements from field samples with
their respective survey coordinates, depths below groundwater, and sample dates. Various types
of data may be specified including resident concentrations, flux concentrations, soil
concentrations, etc. Measurements for water samples taken from monitoring wells or extraction
devices are best regarded as flux concentrations.

An important consideration in setting up a calibration problem involves the handling of non-
detects. We advise to input non-detect concentrations as values equal to 20% of the detection limit
and to set a minimum model concentration equal to 20% lower (i.e., 4% of the non-detect
concentration). Any model predicted concentrations less than the prescribed minimum will be set
to the minimum value for purposes of computing calibration deviations. This approach reasonably
represents non-detects, and prevents simulated concentrations that may be many orders of
magnitude smaller than the detection limit from inordinately influencing the calibration.

Although individual measurements may be input for calibration, if multiple samples have been
taken annually over a substantial number of years, computational time will be much faster if annual
average concentrations are input. Averaging also reduces calibration data “noise,” which can help
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stabilize the inverse problem. For each data point in the calibration input, the user must specify the
number of underlying samples Nsmp — i.e., 1 for a single sample, 2 for semi-annual averages, 4 for
quarterly sample averages, etc.

Also, for each calibration data point, the user must specify a prior estimate of the In standard
deviation between the single measurements and model predictions (Sin cal prior). FOr a given
sampling method, the same Sin cal prior Value is input regardless of the number of samples averaged
to obtain the data value. Many factors can affect Sin cal prior including well or push probe diameter,
screen or sample length, purge volume, soil vs. water samples, etc. Note that for a given sampling
method, the input value of Sin cal prior Will be the same regardless of the number of samples averaged
for the data point.

Finally, for each data point in the calibration file, the user can specify an optional user weight Wuser
to give more or less weight to certain data — e.g., for “key” wells or to put more weight on low
concentrations to better delineate the plume perimeter. The net weight applied to each calibration
data point is computed internally as

Wuser N ir/nzp
Wi, =~ (6.14)

Incal

where Sin cal = Sin cal prior fOr the first regression iteration. The regression data set is divided into
sampling method groups that have the same Sin cal prior Values. After each iteration, posterior
estimates of Sin car are computed from the current regression results for each sampling method
group. The values are iteratively refined and final values Sin cal post are reported with the final
calibration results.

6.3.7 Calibration verification and refinement

After a calibration run has been performed, a log-log plot of observed versus simulated
concentrations should be inspected. Ideally, a regression of the scatter plot should have a slope
close to 1 and an intercept close to 0 — i.e., it should center on a 1:1 line with equal scatter above
and below independent of concentration. If there is bias in the scatter, additional weight may be
applied to data points within specified concentration ranges to help reduce the bias. For example,
if concentrations between 100-1000 scatter evenly about the 1:1 line, while values <100 and >1000
are biased above or below the 1:1 line, additional weight may be applied to values <100 and >1000.
Weights may be adjusted by trial and error to minimize the sum of squared deviations between the
model and data, regression coefficient, or other relevant statistic. Time series plots for
“representative” sample locations should also be inspected to verify that time-trends are reasonably
captured by the model.

Ideally, a well calibrated model will have a symmetric scatter plot with a majority of data points
within about one order-of-magnitude of the 1:1 line and with reasonably consistent time-trends.
Models with larger scatter, noisier time trends and minor deviations from the 1:1 line will result in
greater prediction uncertainty. Results that show substantial deviations from the 1:1 line are more
problematic. In some cases, the problem may be attributable to excessively noisy or insufficient
calibration data (e.g., too few or poorly placed observation locations and/or data spanning too short
a time-period). Deviations from the 1:1 line or failure to capture general time trends may reflect
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deviations from the conceptual model, in which case Step 1 should be reviewed—especially source
parameterization and aquifer description, including flow direction and curvature.

To test for non-uniqueness, it is advisable to run inverse solutions starting from different initial
values within the prior confidence bands. For example, instead of starting from geometric mean
values, randomly select starting values that are within one standard deviation of the prior best
estimate. If you get widely different parameter estimates that produce divergent simulation results
over time, it may be helpful to reduce the number of parameters being calibrated (i.e., make sure
parameters being calibrated produce a lower information criterion as defined by eq. (6.13)). If this
fails, additional data may be necessary to improve the model calibration.

6.4 Example application for hypothetical multi-source problem

The objective of this problem is to investigate tradeoffs between DNAPL source model, calibration
data, and the accuracy and precision of predicted mass discharge over time. We also address the
problem of identifying optimal model formulation and data collection strategies considering
prediction uncertainty and cost-benefits of data collection.

6.4.1 Synthetic data sets

A hypothetical problem is considered for a large industrial site involving multiple TCE sources
within a roughly 120,000 m? area (Figure 6.2) with different location coordinates, areal and vertical
extents, release dates, initial masses, and dissolution kinetics (Table 6.1). The depletion coefficient
S ranges from 0.6 (pools/lenses) to 1.35 (residual NAPL), representing a range of DNAPL
“architectures.” Sources 1-3 occur within the upper third of the aquifer (“shallow zone” 0-4 m
below water table), Sources 4-6 occur within the “intermediate zone” (4-8 m below water table),
and source 7 occurs in the “lower zone” (8-12 m below water table). Source 1, which is the larger
source in the shallow zone, may be attributable due to multiple releases at the ground surface, a
large buried source, or a waste disposal pond. Source 5 represents vertical DNAPL migration from
Source 1. Sources 2 and 3 are less areally extensive releases with smaller total mass than Source
1. Sources 4 and 5 and 6 represent vertical DNAPL migration from Sources 2 and 3, respectively.
The shallow and intermediate zones are assumed to be characterized by thin discontinuous fine-
grained material interbedded in a permeable matrix with most DNAPL occurring in small pools or
lenses (only source 4 in the intermediate zone is dominated by residual DNAPL). Interbedding is
assumed to be absent from the lower zone, such that vertical migration from sources 5 and 6 results
in predominantly residual DNAPL in source 7.
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Figure 6.2. Plan view of DNAPL source zones for example problem.
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Table 6.1. “True” source parameters for synthetic problem.

Sources
1 2 3 4 5 6 7
Release date, t,; (years) 1966 1962 1960 1965 1969 1960 1971
x coordinate, X,i (M) 10,308 10,111 10,205 10,092 10,322 10,214 10,358
y coordinate, Yo (m) 5,017 5,027 4,865 5,044 4,987 4,863 4,920

Mass flux at toi, Joi (kg/d) 0.153 0.045 0.030 0.073 0.118 0.131 0.069
Source mass on toi, Mo (kg) 1,333 174 242 283 958 409 1,110
Source depletion exponent, Bi  0.60 0.70 0.80 1.10 0.60 0.75 1.35
Source width, Ly; (m) 116 32 40 52 108 52 108
Depth (m) 04 04 04 4-8 4-8 4-8 8-12

With 7 parameters per source zone, the combined DNAPL source is described by a total of 49
parameters (not counting aquifer parameters). Thus, although the model formulation is highly
idealized, it remains much too complex to calibrate with realistically attainable data without
simplification. Synthetic data sets will be used to evaluate the effect of various simplified
parametric formulations on prediction uncertainty. TCE concentrations in 22 fully screened
monitoring wells were simulated for each year from 1987 to 2009 using the 7-source model
assumingv=0.1m/d, ¢=0.3,R=1.2, AL.=120m, At =16 m, L, = 12 m, and x12 = 1000 m.

The aquifer is assumed to be aerobic with reductive dechlorination rates of A, = 0.0003 d* near
the source and 4> = 0.0001 d* further downgradient. Log-normally-distributed “noise” in TCE
concentrations with a In-standard deviation (Sin) of 0.8 was assumed to represent conceptual and
sampling/measurement error in the synthetic monitoring data. Well locations and “measured”
(noisy) concentrations in 2009 are illustrated in Figure 6.3.
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2 : | | ‘ | | 1100
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Figure 6.3. Locations of monitoring wells and TCE concentration data in 2009.
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In addition to dissolved concentrations from monitoring wells, quarterly measurements of TCE
discharge rates from sources were assumed to be obtained from 2005 through 2009 over three
depth intervals from a line of multilevel wells across the width of the combined source zones. Data
were generated for a depth of 0 to 4 m (representing totals from sources 1-3), 4 to 8 m (representing
sources 4-6), and 8 to 12 m (representing source 7 only). High noise mass discharge data were
generated with Sin = 0.83 to represent discharge rates estimated from dissolved concentration data
and average estimated groundwater velocity. Since actual groundwater velocity at each sampling
location will deviate from the estimated average (which is also uncertain), the noise level for these
discharge estimates is assumed to be greater than the noise used to generate dissolved
concentration “data” from the model. Low noise mass discharge “data” with Sin = 0.24 were
generated to represent more accurate direct measurements (Basu et al. 2006, Cho et al. 2007).

6.4.2 Model calibration

The simplest and most straightforward approach to calibrating source model parameters to enable
forward estimates of source mass discharge rate versus time is to estimate Jcal, Mcal and £ from
field measurements of discharge rate over a period of time for a given source (or combination of
sources) to match model predictions. Note that tcal is arbitrary and that in this case the release date,
source coordinates and source width cannot be calibrated nor are they needed for forward
predictions of mass discharge.

A practical limitation of the foregoing approach is that accurate source flux estimates are rarely
available for a very long period if at all, which makes the inverse problem ill-posed, resulting in
poor parameter estimates. More seriously, this calibration approach sidesteps the more important
problem of predicting future behavior of the dissolved phase plume and disregards information
content inherent in monitoring well data, which is more extensive and usually available for a
considerably longer time period. These drawbacks can be diminished by simultaneously
calibrating source parameters and dissolved plume parameters in the coupled DNAPL source and
dissolved transport model (Chapter 2) to fit measured contaminant concentrations and source flux
data, if available, using the inverse solution algorithm described by eq. (6.1). We assume that the
synthetic data set described in the previous section describes the “real” system.

The “real” system in our hypothetical problem is characterized by a total of 59 parameters (7 for
each source plus 10 aquifer parameters). It should be clear that we have little hope of estimating
these many unknowns with realistically attainable prior information and calibration data. We must
therefore use a simplified model. Of course, reality is infinitely more complicated than our
hypothetical problem such that even the most complex model may be a gross simplification.
However, as we shall see, our problem will serve its illustrative purpose. In this study, we consider
the following different model formulations:

Case 1-3. Single source with 3 parameters — Single source described by Jcai1, Mcaiz and f,.

Case 1-10. Single source with 10 parameters — Single source described by Jcail, Mcai1, £ and
tor plus aquifer parameters q, «, okd, AL, At, and A1=12.

Case 2-13. Two sources with 13 parameters — Two source functions described by Jcail, Jcaiz,
Mcal1, Meai2, 1, B2 and to1=to2 plus aquifer parameters q, «, pkd, AL, At, and A1=Ao.
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Case 3-16. Three sources with 16 parameters — Three source functions described by Jcail, Jea12,
Jca13, Mcai1, Mcaiz, Mcais, 51, 2 3 and tor=to2=to3 plus aquifer parameters q, «, pkd, AL, At, and
AM=A2.

Case 3-21. Three sources with 21 parameters — Three source functions described by Jcail, Jeai2,
Jea13, Mcai1, Mcaiz, Mcais, S1, f2, 3 toi=to2=1o3, Xo1=X02=X03, Yo1=Y02=Yo3, and Ly1=Ly2=Ly3 plus
aquifer parameters q, a, okd, AL, At, A1, A2and Lai2.

Case 3-27. Three sources with 27 parameters — Three source functions described by Jcail, Jca12,
Jea13, Mcai1, Mcai2, Mcais, S1, B2, [3 toi, to2, 103, Xo1, Xo2, Xo3, Yo1, Yo2, Yo3, Ly1, Ly2 and Lys plus
aquifer parameters q, «, okd, AL, At, A1, A2and Lai2.

The single source three-parameter model was calibrated to source flux data only with two variants:
Data set a — high variance source flux data only (Jni)

Data set b — low variance source flux data only (Jio)

The other models require dissolved plume data to calibrate transport-related parameters, but may
also employ source flux data. For Cases 1-10 and higher, the following calibration data sets were
employed

Data set ¢ — Monitoring well concentration data only (C)

Data set d — Monitoring well data and high variance source flux data (C+Jni)

Data set e — Monitoring well data and low variance source flux data (C+Jio).

This results in additional model formulation and data set combinations (e.g., Cases 1-10c, 1-10d).
For cases with three source functions, Source 1 is assumed to represent DNAPL from 0 to 4 m
below the water table, Source 2 from 4 to 8 m deep, and Source 3 from 8 to 12 m. For cases with
two source functions, Source 1 is assumed to represent DNAPL between 0 to 8 m deep — hence
flux data for 0 to 4 m and 4 to 8 m are added. For cases in which a single source function is assumed,
flux data is summed across all depths. Calibration results for more than three sources are not
presented, as the inverse problem was poorly posed due to the large number of unknown
parameters.

In addition to the synthetic field data described above that can be used for calibration by comparing
with model predictions, we assume that site characterization and literature studies yield prior
estimates of model parameters — some with fairly narrow confidence limits and others with large
error bounds. For example, porosity can generally be estimated within a narrow range from boring
logs with limited core testing, average groundwater velocity can often be estimated with somewhat
greater uncertainty via hydraulic tests and water level data, while initial source mass estimates are
usually highly uncertain. For each model formulation studied, prior estimates of parameter
uncertainty and (biased) initial estimates of parameters themselves were assumed that are deemed
to be typical of prior information available at many sites. For the simpler model formulations, prior
values of non-calibrated parameters were treated as “known” and remained fixed during
calibration. For calibrated parameters, prior estimates serve as initial guesses to be refined by
calibrating to the available data subject to the constraint imposed by penalty term in (6.1).

Results from 13 calibration cases will be discussed here. A summary of the model formulations,
calibration data employed, prior information assumed, and final parameter estimates is given in
Table 6.2. For all cases, tcal = 2009 was assumed.
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6.4.3 Accuracy and precision of mass discharge predictions

After performing model calibration, combined total TCE mass discharge from the source zones
was computed through year 2100 using the calibrated parameters. Prediction precision was
quantified by

+ 82

2 o2
S - SIn reg, In par,

Intot,

(6.15)

where S, . is the total In uncertainty is source discharge on date t=tx, S is the error due to

Intot, In par,

parameter uncertainty, and S is the residual regression error. The regression variance for

Inreg,

prediction k with independent variables (xx, Yk, tk) is computed as

1 X, —X)? -v)? t —1)?
SZ :MSE 1+_+ ( k ) + (yk y) + N(k ) (616)

Inreg, N, o

Y0t Y- XD

i=1 i=1

where i =1 to No refers to observations used for calibration, overbars signify averages over the
calibration data set, and MSE is the mean square error in concentrations used for calibration,
computed as

No
Z(In Cobs i In Cpred i)2

MSE = = . (6.17)
N, —N,

where Np is the number of calibrated parameters. Error due to parameter uncertainty is estimated
using a first-order error propagation method (e.g., Unlu et al., 1995), given in matrix notation as

S% e =J'Cov J (6.18)

where the LHS is a vector of variances due to parameter uncertainty for all predictions of interest,
J is a Jacobian matrix, and Cov is the parameter covariance matrix. Terms in the Jacobian are

J _0InC, (6.19)

" op,

where Ciis the ith prediction and P;j denotes the jth uncertain parameter, which as previously noted
is either the actual parameter value or its natural logarithm depending on the variable. The
covariance matrix is estimated as

Cov = MSE (J73) . (6.20)

One-sigma error bars on model predictions prior to, during and after the calibration period are
shown for selected calibration cases in Figure 6.4 along with the “true” behavior, which is known
for our hypothetical problem. Average values of S, , for post-calibration dates between t« = 2010

to 2100 (i.e., “out-of-sample” predictions) are tabulated for all cases in Table 6.2.

The true discharge curves (Figure 6.4) exhibit a distinct change in slope on the semi-log scale after
2025, reflecting the increasing dominance of fluxes from low [ pools in Source 7 as the shallower
lower 3 sources become nearly depleted. Not surprisingly, the single source function models are
not able to capture this trend change. The 3-parameter single source models calibrated to J data
only (Cases 1-3a and 1-3b) perform particularly poorly, predicting discharge rates <1 g/d by 2060,
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whereas the true discharge does not reach this level for another 130 years in 2190 (not shown in
figures). Using lower variance J data (Case 1-3b) improved prediction precision somewhat (i.e.,
lower prediction uncertainty), but did not improve accuracy.
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Figure 6.4. One-sigma error bars for predicted total TCE discharge from source zone vs. time for

selected calibration cases. Solid points are best estimates for the calibrated model and smooth
blue lines are “true” discharge for the exact multi-source functions.
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Table 6.2. Summary of calibration analysis results.

Case 1-3a Case 1-3b Case 1-10¢ Case 1-10d Case 1-10e Case 2-13¢ Case 2-13e Case 3-16¢ Case 3-16e Case 3-21¢ Case 3-2le Case 3-27c Case 3-27e¢
Data high var ] low var J C only C+highvar] C+ low var) C only C + low var J C only C + low var J C only C + low var J C only C + low var J
Sources 1 1 2 2 3 3 3 3 3 3
Parameters 3 13 13 16 16 21 21 27 27
Final avg Sy, ; 2.57 1.65 1.58 0.83 1.09 0.64 0.86 0.46 0.89 0.45 1.08 0.67

Case 1-3a Case 1-3b Case 1-10¢ Case 1-10d Case 1-10e Case 2-13¢ Case 2-13e Case 3-16¢ Case 3-16e Case 3-21c Case 3-2le Case 3-27c Case 3-27¢
Parameters Prior* Final Prior” Final Pror® Final Pror® Final Pror® Final Pror® Final Pror® Final Prior® Final Pror® Final Prio Final Pror® Final Prior" Final Prior" Final
Jean (kg/d) 0.132 0.070 0.132 0.072 0.132  0.07 0132 0072 0132 0077 0.068 0.043 0068 0.044 0068 0.045 0068 0.027 0.068 0041 0068 0.027 0.068 0.042 0.068 0.027
Mean (kg) 270 902 270 270 902 270 964 270 634 65 547 65 166 65 268 65 120 65 187 65 110 65 257 635 116
by (-) 1.00 090 1.00 1.00 1.00 0.90 1.01 0.91 1.01 0.87 0.90 0.73 0.90 0.80 0.90 0.83 0.90 086 090 084 090 083 090 083 090 0.86
tor (yr) NA NA 1965 1965 1965 1965 1965 1968 1965 1968 1965 1972 1965 1970 1965 1973 1965 1963 1965 1965 1965 1964 1965 1964
X1 (m) NA NA =10226 = 10226 = 10226 =10226 = 10226 =10226 = 10226 10226 10231 10226 10229 10226 10230 10226 10231
Y, (m) NA NA = 5021 = 5021 = 5021 = 5021 = 5021 = 5021 = 5021 5021 4996 5021 4991 5021 5005 5021 4963
Ly, (m) NA NA =500 = 500 = 500 = 500 = 500 = 500 = 500 500 260.78 500 2406 500 347.56 500 3017
Jearn (kg/d) NA NA NA NA NA 0.039  0.048 0.039 0.026 0.034 0023 0.034 0.018 0.034 0021 0034 0018 0.034 0.024 0.034 0.018
Map (kg) NA NA NA NA NA 105 523 105 290 30 124 30 43 30 108 30 41 30 90 30 42
b, (—) NA NA NA NA NA 1.10 1.01 1.10 1.08 0.90 0.84 0.90 081 090 086 090 079 090 084 090 0.81
T2 (1) NA NA NA NA NA =1 = a1 =1 =t = a1 = ol = 1o = o1
Xy (m) NA NA NA NA NA =X, = Xo1 = Xo1 = Xo1 = Xol = Xo1 10226 10227 10226 10147
Y2 (m) NA NA NA NA NA =Y =Y =Y, =Y =Y. =Y 5021 5011 5021 5011
L, (m) NA NA NA NA NA =1, =L, =L, =L, =L, =L, 500 350 500 379
Jeany (kg/d) NA NA NA NA NA NA NA 0.039 0.017 0039 00260 0.039 0015 0039 00268 0.039 0.016 0.039 0.026
Meas (k) NA NA NA NA NA NA NA 105 2225 105 294 105 2027 105 2290 105 1937 105 291
by (—) NA NA NA NA NA NA NA 1.10 1.00 1.10 1.00 1.10 1.00 1.10 1.00 1.10 1.00 1.10 1.00
to3 (yr) NA NA NA NA NA NA NA =ty =t = to = 11 =ty = tol
X3 (m) NA NA NA NA NA NA NA =X, =X, =X, =X, 10226 10227 10226 10199
Y3 (m) NA NA NA NA NA NA NA =Y, =Y, =Y, =Y, 5021 5013 5021 5014
Lys NA NA NA NA NA NA NA =L, =L, =L, =Ly 500 398 500 413
q (m/d) NA NA 0.035 0.041 0035 0.041 0035 0052 0.035 0.053 0035 0.055 0035 0.055 0035 0.057 0035 0.033 0035 0031 0.035 0.032 0.035 0.032
a (deg) NA NA -88 78 88 -78 88 77 -88 77 -88% -78 -88 77 -88 78 88 -85 88 86 88 —8B1 -BE 83
L, (m) NA NA =12 =12 =12 =12 =12 =12 =12 =12 =12 =12 =12
f(-) NA NA =0.33 =033 =0.33 =0.33 =0.33 =0.33 =0.33 =0.33 =0.33 =10.33 = 0.33
rky (5 NA NA 0.10 0.09 0.10 0.09 0.10 0.09 0.10 0.09 0.10 0.09 0.10 0.09 0.10 0.09 010 0.09 010 009 010 009 010 0.09
Ap (m) NA NA 50 160.4 50 162.6 50 143 50 1378 50 160 50 1499 50 173 50 151.4 50 1654 50 156 50 144.4
Ay (m) NA NA 10 8 10 8.1 10 73 10 73 10 7.6 10 7.5 10 7.9 10 16.2 10 18.1 10 145 10 134
g, (1/d) NA NA 0.0001 0.00014 0.0001 0.00014 0.0001 0.00018 0.0001 0.00017 0.0001 0.00022 0.0001 0.00020 0.0001 0.00025 0.0001 0.00027 0.0001 0.0003 0.0001 0.00027 0.0001 0.00031
g2 “d) NA NA =En =21 =21 =En =£E2n =En =21 0.0001 0.00013 0.0001 0.00014 0.0001 0.00012 0.0001 0.00013
Lz (m) NA NA NA NA NA NA NA NA NA 500 1070 500 1071 500 1069 500 1149

“Prior values preceded by an equal sign denote values that were fixed at the prior estimate during calibration; NA indicates parameters that are not relevant for a specific case.
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Calibrating the single source model with plume C data only (Case 1-10c) substantially improved
long-term accuracy compared to the 3-parameter models calibrated with near-source J data only
(Cases 1-3). Using low quality (high noise) source zone discharge measurements in addition to
plume C data (Case 1-10d) yielded an insignificant reduction in prediction uncertainty compared
with plume C data only (Case 1-10c), indicating that the low-quality source discharge
measurements conveyed little additional information for calibration. However, high-quality source
discharge measurements in conjunction with plume data (Case 1-10e) reduced prediction
uncertainty approximately in half.

Adding second and third source functions (Cases 2-13c and 3-16c¢) resulted in progressive
reductions in uncertainty as well as improved prediction accuracy. Increasing the number of
parameters in the three-source model to 21 (Case 3-21c) resulted in little change in precision or
accuracy. Further parameter additions (Case 3-27c) also yielded little change in accuracy, but
yielding a notable increase in prediction uncertainty.

The foregoing results demonstrate that the quality and quantity of data available for model
calibration has a strong effect on the accuracy and precision of out-of-sample predictions. This is
clearly illustrated by comparing the average Stiny for TCE discharge predictions (post-calibration)
for the five single-source model formulations (Cases 1-3a, 1-3b, 1-10c, 1-10d, and 1-10e), which
incrementally employ more and/or higher quality data (Figure 6.5). The results reveal
monotonically diminishing out-of-sample prediction uncertainty as the quantity and quality of data
increase while using the same source model formulation.
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Figure 6.5. Effect of increasing data quality/quantity on average prediction uncertainty for single
source models (Cases 1-3a, 1-3b, 1-10c, 1-10d, 1-10e from left to right).
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6.4.4 What is the optimal conceptual model formulation?

Now, let us turn to the somewhat philosophical question of defining the “best” model formulation.
Scientific purists may contend that the “best” model is the one that describes all processes of
interest with the greatest rigor known to science, and hence that presents the truest possible
depiction of reality. From this perspective, the notion of an “optimal” model may seem like
statistically inspired heresy. However, it is beneficial to reflect that all mathematical models are
by definition simplifications of reality that attempt to predict a limited number of dependent
variables in response to a limited number of independent variables within limited time and space
scales. From a practical perspective, mathematical models serve as tools to predict system
responses to certain variables to facilitate real-world decision-making.

For the moment, let us define “best” as the model that gives the lowest uncertainty in predictions

of interest for a given set of data that is available for calibrating uncertain model coefficients. For

the case addressed in this paper, let us assume that future source mass discharge is the output that

we are interested in predicting. Figure 6.6 plots average out-of-sample prediction uncertainty (Stin)
for models with a range of complexity, as represented by the number of calibrated parameters.

Using monitoring well concentration data only, Cases 1-10c, 2-13c, 3-16¢, 3-21c, and 3-27c

exhibit a minimum prediction uncertainty with 16 calibrated parameters. Prediction uncertainty

increases sharply for simpler models and more gradually for models with more parameters, but it

is clear that too much as well as too little complexity can adversely affect model precision.

Using concentration data plus low variance source flux measurements for calibration, Cases 1-10e,
2-13e, 3-16e, 3-21e, and 3-27e exhibit similar behavior to the C-data only, except that the optimum
model shifts to 21 parameters with a minimum prediction uncertainty that is about 40% less than
when only concentration data is available (Figure 6.6). The results suggest that an optimal model
complexity exists that will minimize total prediction uncertainty for a given set of calibration data.
Adding further complexity to the model beyond this optimum not only does not improve model
predictions, but actually induces greater uncertainty. The only way to reduce prediction
uncertainty further is to obtain more and/or better data to support calibration of a more rigorous
model.
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Figure 6.6. Prediction uncertainty vs. number of fitted parameters for 1, 2 and 3 source models
using C data only (triangle) or C data plus low noise J data (square).
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Extrapolation of the above results suggests that perfect predictions may be possible if unlimited,
error-free data were available to calibrate a model that rigorously represents reality. Unfortunately,
real data is subject to error and costs time, effort and money to collect and process. Therefore, the
optimal model complexity will ultimately depend on tradeoffs between the cost of collecting
specific additional data versus the value of the data in terms of the benefits resulting from
improvements in prediction precision and accuracy. Since the value of model improvements
clearly depend on the models’ application and purpose, the “best” model must be viewed an elastic
concept that depends on the specific objectives of the model.

To investigate the effect of problem specific objectives on model selection and the value of
additional data, let us return to our example problem and consider the use of our source zone model
to guide remediation decisions. For this purpose, assume that natural processes at the site have
been determined to be capable of attenuating source zone discharge of up to 1 g/d. We wish to
evaluate costs for the following remediation options and illustrative cost functions:

Permeable Reactive Barrier (PRB). A reactive barrier is installed and operated downgradient
of the source until the source discharge is <1 g/d. The cost is $200k fixed cost + $100k/yr.

Partial Source Reduction (PSR). Source zone thermal treatment is performed to reduce
contaminant discharge to <1 g/d. The cost is $2,400k fixed cost + $50k/yr.

Total net present value (NPV) costs are computed with operating costs discounted at 3% per year.
Expected (probability-weighted average) cost and 99% upper confidence limit (UCL) cost are
tabulated for Cases 3-16¢ and 3-21e for the two remedial options in Table 6.3. The NPV cost for
PRB is higher than for PSR; however, there is very little difference between the expected cost and
the UCL despite the sensitivity of PRB duration to uncertainty in source mass. Low sensitivity of
NPV cost to source mass uncertainty is due to time discounting. A lower discount rate would
sharply increase the UCL as well as the expected cost (due to positive skew in cleanup time). This
is a good example of the sensitivity of decision problems on even seemingly minor details of the
objective function formulation.

If expected NPV cost is taken as the “best” (unbiased) statistical measure of cost performance,
PSR would be selected as the best remedial option regardless of model formulation. Although the
estimated PSR expected cost is lower for Case 3-16¢ than for Case 3-21e, the actual cost will be
the same regardless of the model used because both formulations yield the same decision (i.e.,
PSR cost < PRB cost for both parameterizations. In this sense, the additional data employed for
Case 3-21e (low variance source flux measurements) has no value in terms of the decision outcome
or actual cost savings.

However, a risk-averse party may prefer to make decisions that minimize an UCL of cost. Based
on the 99% UCL, Case 3-16c¢ indicates the PRB system is slightly preferable to PSR. However,
since this decision would be contrary to the choice based on expected cost and also contrary to
selecting the lowest UCL PSR cost for Case 3-16c, such a decision looks foolhardy. With regard
to the value of collecting data to calibrate Case 3-21e, if one takes into consideration the need to
hold cash reserves sufficient to cover the UCL cost, then the value of the low variance flux data
for Case 3-21e may be estimated as the difference between the UCL cost for Cases 3-16¢ and 3-
21e times the foregone investment return over the holding period.

So, for this practical example, we find that although Case 3-21e offers significantly lower
uncertainty in source mass discharge predictions, the value of this improvement may not warrant
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the cost of the additional data needed to support the more complex model. Given different
remediation objectives, technologies, unit costs or discount rates that lead to greater decision
sensitivity to prediction uncertainty, a higher value of additional information may arise that
justifies a more rigorous model.

Table 6.3. Total net present value costs for simplified decision analysis problem.

Model PRB PRB PSR PSR
Formulation Expected Cost 99% UCL Cost Expected Cost  99% UCL Cost
Case 3-16¢ $3,390,000 $3,460,000 $2,785,000 $3,556,000
Case 3-21e $3,415,000 $3,460,000 $2,476,000 $2,629,000

6.5 Summary

The ability to estimate DNAPL source mass discharge versus time from contaminated sites is
important to facilitate effective and efficient remediation technology selection and design.
Unfortunately, the extreme complexity of source zone “architecture” makes rigorous
characterization impractical and mandates adoption of simplified empirical models. The
practitioner is faced with a number of difficult questions: How much simplification or complexity
is optimal given the remediation objectives, data available and time/cost constraints? What is the
uncertainty in predicted performance and how does this affect the decision process? What data
should be collected?

The results of this study indicate that source functions calibrated to measured source discharge
time-series of relatively short duration have the poorer accuracy and precision than functions
calibrated jointly with transport parameters using longer time-series dissolved concentration data
from wells over the entire dissolved plume. Accuracy and precision generally improved further
when both dissolved concentration data and low variance source discharge measurements were
used for calibration. High variance source discharge measurements (e.g., computed from dissolved
concentration data and estimated mean groundwater velocity) did not improve predictions.
Although we did not directly address the problem of identifying what additional data may be
beneficial, the proposed methodology can easily be employed to evaluate the effect of specific
additional types of data and sampling locations, frequency, and duration may be most beneficial
in terms of reducing prediction uncertainty. Of course, this approach cannot be implemented until
some minimum amount of data is available to perform a preliminary calibration. In practice, an
iterative approach involving incremental calibration, assessment of data needs, and collection of
additional data would likely be most cost effective.

For a given data set available for calibration, an optimal model complexity — as represented by the
number of calibrated parameters - was found that minimized forward prediction uncertainty. More
complex models (e.g., multiple source functions, spatially variable decay, estimated source
coordinates, release dates, etc.) generally reduced prediction uncertainty up to a point beyond
which added complexity proved to be a liability unless additional or more accurate data can be
obtained. Thus, the “no free lunch” principle exerts its influence when model complexity surpasses
the information content of calibration data.
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Defining the optimal model formulation and optimal data collection program for a given specific
field application requires quantification of the benefit of improved model precision and the cost of
additional data. As illustrated by a simple cost analysis problem, the optimal model formulation
and data collection depends not only on the site and model characteristics but on remediation
objectives, characteristics of specific technologies under consideration, and cost functions. Due to
high costs for field data collection, quantification of the monetary value of specific data within the
context of model-informed decision analysis deserves more attention. While detailed analyses to
determine optimal model formulation may not be justified in many cases, the use of error
propagation methods to circumscribe prediction uncertainty holds the potential to greatly improve
more-based decisions.

It should be evident that the “best” model cannot be selected based merely on minimization of
residual calibration error. The addition of a sufficiently large number of adjustable parameters can
always produce vanishingly small residual error. Unfortunately, small calibration error provides
no assurance of neither forward prediction accuracy nor precision. Since we do not know the future
(and if we did we would have no need for a model), forward accuracy cannot be assessed until
after the future arrives. However, we can evaluate forward prediction uncertainty from calibration
results, which provides the best means available to assess the utility of a model for forecasting the
future. This approach is not foolproof since limited or erroneous data, fundamentally flawed
conceptual models (e.g., unidentified sources, misunderstood processes), or just plain bad luck
(low probability events outside the confidence bands can occur) can intervene to lead models astray,
but we can stack the odds in our favor.
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7. Remediation Design, Assessment and Optimization

7.1 Overview

Predictions of remediation performance, no matter how sophisticated the performance model that
is employed, are always subject to considerable uncertainty. Quantification of performance
uncertainty is critical for remediation design, so that sufficient safety factors can be built into the
design to avoid failure to meet system objectives, while avoiding unnecessarily high costs incurred
by excessive overdesign. Remediation design (and engineering design in general) is an exercise in
identifying optimal tradeoffs between risk of failure and cost of overdesigning.

SCOToolkit addresses this problem by using an optimization algorithm to find design parameter
values that minimize the expected NPV cost of achieving specified objectives. Expected NPV cost
is computed as the average NPV cost over a number of equally probable Monte Carlo
simulations.

7.2 Compliance rules

7.2.1 Statistical criteria

The overall goal of groundwater remediation is taken to be the reduction of contaminant
concentrations in designated compliance locations to less than specified values within a certain
timeframe at the least possible cost. For a given remediation design, one of three possible
outcomes is assumed to apply for a given remedial action at the actual site and hence for each
simulated MC model realization:

No Further Action (NFA). If compliance well monitoring data meet specified NFA criteria before
the maximum simulation date, tmax, and after a date tenda When all active remediation systems have
ceased operation, then that MC realization simulation terminates and no further operating costs
are accrued (i.e., all remediation and monitoring activities are terminated).

Non-Compliance (NC). If contaminant concentrations for one or more compliance wells exceed
certain noncompliance criteria after a specified “penalty date”, tpenaiy, Or if NFA has not been
achieved prior to tmax, then a specified fixed present value “penalty cost” will be added to the cost
function. Simulation of the MC realization is terminated. The realization is deemed a “failure.”
Note that if tpenaity > tmax then no penalty cost can be incurred.

Conditional Containment (PT). If contaminant concentrations at a designated PT trigger well
exceed certain criteria after a specified PT trigger date ter, then pump-and-treat or another type of
containment system is assumed to be implemented upgradient of the trigger location. Discounted
capital and annual operating costs for the containment system are accrued until NFA or NC
conditions occur. Other remedial actions and their costs continue until the individual actions meet
their specified termination criteria or tn. is reached. The PT system is not explicitly simulated,
but is assumed to contain the plume. Model-predicted concentrations at compliance wells (which
must be upgradient of the PT system) are computed as though unaffected by the containment
system — i.e., attainment of NFA is conservatively assumed to be unaffected by the containment
system. No PT costs are considered if ter > tmax. If NFA is not reached before tmax, the case is
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concentration measurements at a given well can exhibit considerable temporal variability,
compliance rules must be carefully defined to filter out measurement “noise” so that the likelihood
of a false NFA determination is small.

Two compliance rule options to filter measurement noise are considered. The first option employs
annual averaging of concentrations from fsi‘r’n"p compliance well samples per year and requires all

annual averages within a lookback period of Niookback years to be below a specified target
concentration Cnia to attain NFA. This approach is very conservative, and noisy data may
inordinately extend the remediation duration. The second option, which has been suggested by the

USEPA (Levine, 2010), involves a regression of concentration data from fsi\rﬁ’p samples per year

versus time within a lookback period Atiookback. If the one-sided a.-probability upper confidence
limit of the regression value at the end of the lookback period is less than Cnsa for each compliance
well and the current date is after tena then NFA is indicated. This approach accounts for data noise
in the decision process, but is less sensitive to outliers. A summary of the compliance rules is given
in Table 7.1.

Table 7.1. Compliance rule protocol options.

Extreme Value (EXV) Rule

Regression Confidence Limit (RCL) Rule

NFA  If annual averages of contaminant concentration If the upper confidence limit of the current
measurements for all compliance wells are less value of a regression of annually averaged
than Chqsa for each of the last Atigokack Years contaminant concentration measurements vs.
ending on or after tenq then site monitoring time over the last Atiooknack Years ending on
activities are terminated. If rebound does not or after tnoact i less than Cy, for all
exceed Cqta, NFA is met, otherwise apenalty cost ~ compliance wells, then site monitoring
is added to the cost function. activities are terminated. If rebound does not

exceed Cnia, NFA is met, otherwise a penalty
cost is added to the cost function.

NC If annual averages of contaminant concentration If the upper confidence limit of the current
measurements exceed Chr, in any of the last regression value at compliance location i
Atiookback years ending on or after tpenaiy i for over the last Atiooknack Years ending on or
compliance well i or if NFA has not been after tpenartyi €Xceeds Chra for any compliance
achieved prior to tmax for any compliance well, well or if NFA has not been achieved prior
then a penalty cost is added to the cost function to tmax, then a present value penalty cost is
and the simulation is terminated. added to the cost function and the simulation

is terminated.

PT If the annual average of contaminant If the lower confidence limit of the current

concentration measurements in a designated PT
trigger well exceed Cpr for all of the last
Atiookback Years ending on or after ter, then
discounted capital and operating costs for pump-
and-treat or other plume containment system are
accrued. The simulation continues until NFA or
NC criteria are met.

regression value over the last Atjgokback years
ending on or after ter exceeds Cpr for a
designated PT trigger well, then discounted
capital and operating costs for pump-and-
treat or other plume containment system are
accrued. The simulation continues until
NFA or NC criteria are met.
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When the remediation strategy includes ED injection galleries, there is a possibility of rebound
downgradient of ED injection galleries after injection ceases. This can lead to exceedance of Cnfa
if downradient compliance wells are not stipulated for optional ED performance monitoring and
Cepstop Values for upgradient performance monitoring wells are greater than Cnra (see Chapter 3).
When the latter conditions apply for simulations meeting NFA criteria at tend, “true” (i.e., no noise)
concentrations at compliance well locations at trebound = tend + Atrebound are computed to evaluate
rebound. If the computed rebound concentrations Crba are less Cnra, then NFA status is confirmed.
Otherwise, a penalty cost $penairy is added to the cost function and the MC realization is regarded as
noncompliant (NC).

Annual average concentrations are treated as geometric averages. Measured or simulated
concentrations less than detection limits should be set to a stipulated fixed value (e.g., 10% of the
detection limit). Log-normal measurement “noise” is applied to annual averages in MC realizations
with a standard error equal to the In C standard deviation from model calibration (“residual error)”

divided by fsi‘r’nvpm .Note that increasing sampling frequency decreases the noise in annual averages,

which allows earlier NFA attainment. The optimal sampling frequency will depend on a tradeoff
between cost reductions due to earlier termination versus additional sampling and analytical costs.

The computational effort required for stochastic cost optimization increases in direct proportion to
the number of simulated compliance well locations. For this reason, we recommend selecting a
single worst-case compliance location at least for initial optimization runs. If desired, additional
well locations may be added after the design has been refined. Compliance monitoring costs per
sampling event can be specified to include all required monitoring locations.

The “penalty cost” may be a real cost (e.g., for a last-ditch containment measure) or a fictitious
cost applied merely to incentivize the optimization algorithm to reduce the failure probability.
Penalty cost is specified in NPV dollars (i.e., no discount is applied internally). Care should be
taken not to specify a penalty date (tpenaity) that cannot be realistically achieved with current site
conditions and proposed remedial technologies lest compliance will be nearly impossible to meet
and the optimization problem will be ill-defined. Likewise, if tmax is too early to achieve a low
failure probability and high NFA probability, low remediation costs may be misleading. An
exception may be if long-term containment with institutional controls is under consideration, tmax
may be set to reach a pseudo-steady state condition, fixed and penalty costs set to zero, and design
variables optimized to minimize operating costs. If optimization results produce an unacceptably
high failure probability, increasing the penalty cost may produce a better outcome. If this does not
improve the results, the problem is likely that you are proposing something that cannot be
reasonably achieved. You will need to figure out why and either develop a plan to circumvent the
problem, or if nothing reasonable works, you should have a good case for “technical infeasibility.”

Note that pump-and-treat, if considered, is not explicitly simulated. Pump-and-treat is assumed to
contain the plume, but model-predicted concentrations at compliance wells are treated as though
unaffected by the PT system. Therefore, compliance well locations downgradient of the PT system
should not be stipulated.

Real-time implementation of RCL rule would involve performing regressions of the last N =

At oack fsi‘r'nvp In-concentration values after each sampling round versus Julian date, T, to fit a log-

linear trend model
INC=a+bT (7.1)
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where a and b are regression coefficients. The regression error is

SSE
§2 = —"— 7.2
InC N - 2 ( )
where SSE is the sum of squared In C regression residuals. To reduce computational effort in MC
simulations, we generate a single (geometric) average concentration value for each year in each

SW
samp

noise Sinc.. One-sided upper or lower confidence limits of annual average concentrations at
probability level o are computed by

LCL, =exp[a+bTend —t(a, TN )S —j

? "samp InC

realization with noise S — =Sinc/ fam,"” rather than generating f

samp

sample values per year with

(7.3)
ucL, = eXp(a+ bT,ps + (e, Ty )S Rj

where Tend is the date at the end of the regression period and t(e, df) is the one-sided Student-t
value for probability o with df degrees of freedom. The regressions are performed during

simulations on time series with N = Niookback CONcentration values, which yields S, directly.

. . . SW :
Note that in real-time, regressions would be performed on N = f_ ' Niookvack concentration values

to determine when NFA is met.

7.2.2 Determining tpenalty, tmax @Nd trebound

Correct specification of tpenaity, tmax and trebound are important constraints on the optimization
solution, but must be set with consideration of physical limitations that can make it difficult or
impossible to find a feasible solution.

The duration of time allowed before cleanup criteria are required to be met will have a significant
effect on remediation design and cost. Specifically, if tpenaity Or ter are decreased or the magnitudes
of contingent containment or penalty costs are increased, then earlier, more aggressive and more
costly remediation will be favored. In the case of no contingent penalty or containment costs (or
tpenalty > tmax and tet > tmax) With a positive discount rate, the cost optimal solution will be to simply
monitor until tmax Or NFA is reached, regardless of the probability of achieving NFA. Some cost
consequence of “failure” must be stipulated to induce active remediation.

The penalty date represents the time at which concentrations at compliance well locations are
required to meet the specified RCL or EXV conditions. For example, it may be required to contain
the leading edge of the plume with an ED gallery as quickly as possible, while recognizing that it
will take much longer to remediate the source and entire dissolved plume. In that case, tpenaity Can
be used to enforce the short-term requirement. In doing so, the value of tpenaity and the capability
of the proposed remediation strategy for conditions at the site must be consistent. For example, if
an ED gallery 50 m upgradient of the compliance location is under consideration and the retarded
velocity is estimated to be about 10 m/yr, then the advective travel time Atwavel is 5 years. If the
lookback period Attookback 1S 3 years and the ED start date is 2020, then tpenaity Should be at least
teDstart + Attravel + Attlookback = 2028. A more conservative approach would be to use a multiple of
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the travel time, e.g., tepstart + 2Attravel + Attiookback = 2033. If there is not short-term requirement, but
it is desired to return the site to normal use by a certain date, then this value may be set as the
penalty date, recognizing that if the proposed remediation technology is not capable of meeting
this requirement, the program will return a high failure probability.

The maximum simulation date tmax is primarily a computational failsafe to prevent your computer
from running forever in an attempt to solve an intractably posed optimization problem. From a
practical standpoint, it can be regarded as the maximum date you are willing to accept as a possible
outcome. Like the penalty date, consideration should be given to the site conditions when
specifying this value — in particular, the length and velocity of the plume, how long it may take to
reduce the source mass to a sufficiently small value (naturally or otherwise), and the number of
ED galleries, if any.

If optional downgradient ED performance monitoring at compliance locations is elected and
Cepstop for the upgradient performance monitoring well is less than Crta, then Atrd = 0 and rebound
is disregarded. Otherwise, rebound is computed a date

trebound = maXi (tEDstop(i) ) + maxj (maxi (tEDstart(i) + Attravel(i,j) _tEDstop(i) )) (74)

where tepgaqy) and tepgo,q are the dates ED injection starts and stops, respectively, for ED gallery

I, Atiravet ij IS the user-specified travel time to compliance well j from upgradient ED gallery i, and
tepstop i IS the termination date for gallery i. Note that that maxi argument is evaluated only for ED
galleries that are upgradient of compliance location j but not upgradient of any other compliance
locations.

Typically, it is desired to achieve plume containment within a limited timeframe while recognizing
that subsequent long-term measures may be required before achieving “no further action” status.
The variable tpenaity is a user-specified date by which short-term controls are desired to be fully
implemented such that compliance wells meet the criteria for being “clean.”

If there is no short-term requirement mandate, tpenaity may be specified equal to or slightly less than
the maximum simulation duration, tmax. If short-term cleanup requirements do apply, care needs to
be exercised in specifying tpenaity to ensure that it is realistically attainable with the technology
options under consideration. Specifying a value that is too short to be realistically achieved will
produce a high failure probability. Too long a value will increase exposure risk unnecessarily.

If any remediation or plume control measures are considered for deployment upgradient of
compliance points, tnea values specify the waiting time, if any, following termination of all system
components (e.g., ED injection galleries) before compliance monitoring is terminated to allow
rebound in monitoring data and prevent false “clean” determinations (hence, potentially large
failure probabilities).
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7.3 Site-wide and total costs

The net present value (NPV) cost for site-wide monitoring, reporting and maintenance are

computed as follows

SW _ ~SWcap SWop
CNPV _CNPV +CNPV

totart —t
C ;\F/\’l\t/:ap _ (C SWeap \| SW | (~ SWeap ) (1_ d) start ~Uret

well well other

tcomp

C;\S/\?p — Z (CSWOp f SW NSW +CSWOp)(1_d)t—tref

samp "samp " " well other

t=tgant

(7.5)

and the total NPV cost for all site remediation activities and penalty costs, which is the objective

function to be minimized by the stochastic optimization algorithm, is

al _ ~SW ED TR OX PT
CNPV _CNPV +CNPV +CNPV +CNPV +CNPV + Ipen

where
Cﬁ',lv is the total NPV remediation and penalty cost ($k),

Crp, is the total NPV site-wide cost ($K),

Crmv is the total NPV ED injection system cost ($k),
Ciay is the total NPV thermal remediation cost ($k),
Crny is the total NPV 1SCO remediation cost ($k),
Cin, is the total NPV PT cost ($k),

CPY is the NPV penalty cost ($k),

Cam® is the total NPV site-wide fixed cost ($k),

C is the fixed cost for monitoring well construction ($k/well),

CS® is any other site-wide fixed costs ($K),

Ctigfp is the total NPV operating cost for site-wide monitoring and reporting ($k),
Comy. is the cost per sample for site-wide monitoring ($k/sample),

CS is other annual site-wide operating costs ($k/yr),

fSW

| ., is 1 if a penalty cost is triggered, else 0,

I is 1 if PT implementation is triggered, else 0,
NSW
ter is the year that PT is triggered (yr),

tnfa IS the year compliance is achieved or the max simulation date for NC (yr),

tstart IS the first year capital costs are incurred (yr),
tret 1S the basis date for NPV adjustment (yr), and
d is the annual discount rate (fraction).
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amp 1S the number of samples per well per year taken for site-wide monitoring,
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If the time discount factor, d, is decreased, future costs are less sharply discounted, thus favoring
earlier and more aggressive action. In this regard, it should be noted that the discount rate useful
to a rational decision maker would be the real discount rate, i.e., the nominal “risk free” rate of
return minus the inflation rate. In the long term in “normal” times, the real discount rate is typically
2-3%. At the present time, it is near zero or negative, depending on how you compute inflation.
Federal Reserve chairs and hedge fund managers can’t predict this key economic variable a few
months out, never mind a few decades. So, consider putting hubris aside, use a zero discount rate
and push fewer problems onto our grandchildren.

7.4 lterative assessment and design optimization

Following initial calibration of source and dissolved plume parameters using all currently available
data, one or more potential remedial action strategies may be identified to meet the site objectives.
These may involve multiple technologies applied concurrently or serially. Stochastic cost
optimization can then be undertaken to select the best approach going forward given the
information at hand. After the strategy is implemented, new data regular site-wide monitoring as
well as monitoring specific to individual technologies will accrue over time. Periodically, this new
data may be incorporated into the calibration data set and the calibration updated. Monte Carlo
simulations may then be run forward in time with updated parameters and covariances to evaluate
whether the existing system is performing satisfactorily. Reoptimization can be performed to refine
monitoring and other operational design variables or, if necessary, to evaluate alternative
technologies. This process can be repeated periodically to identify and correct problems before the
costs grow and the completion date slips further into the future. A flowchart for the iterative
assessment and optimization protocol is given in Figure 7.1.

SCOToolkit
— ¥ l Parameter .| Simulation Remediation
i callbratlon y model option/cost
2 i '
] =
a Monte Carlo .| Stochastic R Design
T reallzatlon g optimization | variables
(=]
% |
2 m Parallel GA
? Post- N¢ System operation/
| — treatment monitoring
monitoring /
Alternatives
i GUI / Web-training

Figure 7.1. Flowchart for iterative assessment and optimization protocol.
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7.5 Hypothetical example problem

7.5.1 Problem description

A hypothetical problem is considered involving trichloroethene (TCE) contamination in a 30 m
thick unconfined aquifer. The water table occurs at a depth of 5 m bgs and a continuous clay layer
occurs at a depth of 35 m bgs. The aquifer consists of sand interstratified with discontinuous 0.5 —
2 m thick silty clay layers. The underlying clay layer is at least 5 m thick. The clay lenses represent
about 28 percent of the aquifer volume. The average darcy velocity across the aquifer thickness is
0.09 m/d. DNAPL releases were assumed to occur between 1950 and 1987 resulting in two
DNAPL sources (Figure 7.2). Soil characterization borings performed on a grid pattern initially
identified the one larger source, but missed the smaller second source. Assumed true values of
source parameters (Table 7.2) and aquifer parameters (Table 7.3) were used to generate
groundwater monitoring data for a network of 26 well clusters (Figure 7.3).

Lognormally distributed “noise” with a In-standard deviation (Sin) of 1.4 for each observation (0.7
for annual averages of quarterly data) was added to simulated concentrations to represent spatial
and temporal variability and measurement uncertainty. Each well cluster sampled groundwater
from 8-12 m, 18-22 m and 28-32 m bgs (3-7, 13-17 and 23-27 m below the water table) starting in
1980. A surface water body occurs at the far-right boundary of Figure 7.3. Also shown in Figure
7.3 is a key compliance well located immediately upgradient of the surface water and two potential
locations of ED injection galleries including gallery ED2 upgradient of the stream and ED1
midway between the source and the stream. DNAPL in the source area is removed by a thermal
source reduction (TSR) method described in Chapter 4.

The objective of this example problem is to evaluate the iterative calibration-assessment-
optimization capability of SCOToolkit v3. The remediation objectives are to bring concentrations
entering surface water below 5 pg/L as quickly as possible with ED injection at ED2 and to
permanently decrease concentrations below 5 pg/L throughout the aquifer using one additional
ED gallery (ED1) by 2050. In this example, tpenaity and tmax are set to Dec 2015 and Dec 2050
respectively. To avoid the computational expense of simulating a large number of compliance
wells, we will use a single downgradient compliance well with a lag time of 15 years that the single
compliance well must remain clean after shutting off ED1, 5 years after ED2, and 30 years after
TSR.
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- Source structure in 2005

Water table > & 5 s - = < &
2200 - s = S - Source 1: Residual
e SRR 5to 15 m bgs

- s 1900 kg, 0.25 kg/d

il i il - Source 2: Pool

a Wil . _~ ~281029 m bgs

E L e o - 900kg, 0.1 kg/d
10»5’1* - > -

- MW-2

: : - 50 m downgradient
- Sampling locations for source Bl
characterization W direction

Figure 7.2. DNAPL source configuration for hypothetical site. Red dots on grid are boring
locations for source characterization (depths are below ground surface, water table is 5 m deep).
Note that Source 2 is not found until 2009 at which additional source characterization is
performed.

#
0 M5 MW A2

Monitoring
well (MW)

Figure 7.3. TCE concentrations in monitoring wells in 2005 and locations of the DNAPL
sources, compliance well, ED injection galleries, and wells for monitoring upgradient of ED
galleries.

We will employ a 5-year assessment cycle with a timeline as follows.
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Stage 1

e Make initial prior estimates for model parameters and perform model calibration using
monitoring wells data from Jan 1980 — Dec 2005 (Source 2 is not included in this stage)

e Optimize remediation design considering possible TSR of Source 1 and one or more ED
injection galleries.

e Monitor TSR performance of Source 1 quarterly at multi-depth in MW2 that is immediately
downgradient of the source area.

e Operate the Stage 1 remediation plan from Jan 2007 — Dec 2010.
Stage 2

e Failure of thermal treatment to meet flux reduction expectations triggers additional source
characterization and identification of Source 2. Recalibrate the model using monitoring
well data from Jan 1980 — Dec 2009, mass recovery data from thermal treatment (266 days
from Jan 1, 2007) and additional source characterization data from MW2. Use Stage 1
calibrated parameters as new prior estimates.

e Reoptimize remediation design based on new model calibration considering additional
source thermal treatment and modification of existing ED gallery operating parameters.

¢ Implement Stage 2 remediation plan modifications Jan 2011 and operate through Dec 2014.
Stage 3

e Recalibrate the model using monitoring well data from Jan 1980 — Dec 2014 and mass
recovery data from additional thermal treatment. Use Stage 2 calibrated parameters as new
prior estimates.

e Reoptimize remediation design based on new model calibration considering modifications
of ED gallery operating parameters and possible ISCO if source needs “polishing.”

e Implement Stage 3 remediation plan modifications Jan 2015 and operate through Dec 2021.
Stage 4 etc

e Continue as above until NFA achieved

7.5.2 Results and discussions

We had completed these simulations in late 2015, but in the meantime developed a more flexible
and rigorous means of dealing with uncertainty in termination decisions for thermal and ISCO
systems that promises to enable significant cost savings to be realized with these technologies. We
have implemented these modifications in the SCOToolkit v3 code. The example problem for
iterative reoptimization was rerun with the revised code. Time and total cost to achieve NFA for
the actual system (i.e., using “true” parameters) for one-stage vs. multiple-stage optimization is
presented as follows.

Stage 1
Calibration
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Stage 1 calibration includes only Source 1 while it was calibrated to concentrations dissolved from
combined source (Source 1 and 2). Although the calibration efficiency (r, linear correlation
coefficient) was 0.80, Stage 1 calibration overestimated mass flux and mass for Source 1 about 2.5
and 2.4 times higher than true values (which are unknown in reality), respectively (Table 7.3 and
Figure 7.4). Log uncertainty of both parameters was substantially reduced after Stage 1 calibration
compared to the prior value of 0.5. It is notable that although a prediction uncertainty (SInC)
decreased to 1.05 from its prior value 1.4, it is still 50% higher than true uncertainty of 0.7. This
observation implies that some MWs showed high bias between measurement and prediction due
to uncounted Source 2 dissolution.

Calibrated aquifer parameters are presented in Table 7.4. The darcy velocity and longitudinal
dispersivity were overestimated compared to their true values. It may be the same issue in Source
1 calibration that caused by the absence of Source 2 in calibration.

The 100 Monte Carlo realizations of calibration parameters were generated for stochastic cost
optimization after Stage 1 calibration using their covariance matrix and Jacobian (Chapter 6).
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Figure 7.4. Calibration results of (a) mass flux and (b) mass remaining for Stage 1, 2, and 3.
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Figure 7.5. Changes in prediction uncertainty for Stage 1, 2, and 3.
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Table 7.2. True source parameters and prior/posterior estimates for Stage 1, 2, 3 calibrations.

True Stage 1 Prior  Stage 2 Prior  Stage 3 Prior  Stage 3 Posterior

Parameter PDF! Value Values Std® WValues Std® Values Std® Values  Std®
Source 1 start date (ts), yr N 1950 1965 7 1964.03 2.23 1964.93 143 1964.65 0.01
Source 1 end date (to), yr N 1987 1985 0 1987.00 0.00 1987.00 0.00 1987.00 0.00
Source 1 mass on tca?, kg LN 025 3500 050 063 017 024 009 023 0.05
Source 1 rate on tca?, kg/d LN 1900 050 050 4568 033 2012 0.12 1885 0.01
Source 1 depletion exponent,- N 155 1.3 025 109 016 148 0.15 1.39 0.07
Source 1 width, m 45 45 0

Source 1 horiz. area, m? 1100 1000 0

Source 1 depth to top, m 0* 0 0

Source 1 depth to bottom, m 10 10 0

Source 2 start date (ts), yr N 1960 1965 7 1966.62 1.13 1966.36 1.05
Source 2 end date (to), yr N 1985 1985 0 1985.00 0.00 1985.00 0.00
Source 2 mass on tea?, kg LN 0.1 0.3 0.50 0.8 0.10 0.13 0.06
Source 2 rate on tea?, kg/d LN 900 |fplank, itwas 790 050 3593 043 963 0.08
Source 2 depletion exponent, - N 0.65 b';?é;g%qgg:fi 05 025 051 013 050 012
Source 2 width, m 15 15 0

Source 2 horiz. area, m? 350 400 0

Source 2 depth to top, m 18 18 0

Source 2 depth to bottom, m 19 19 0

* Note depths are measured from ground surface. Water table is a 5 m depth.

Bold: posterior values from previous stage calibration

! Assumed probability distributions: N = normal, LN = lognormal.

2 Source mass and discharge rates on tey = Jan. 2005.

3 Standard deviations (Std) of LN variables are log-transformed (dimensionless); all other values are in specified
units.
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Table 7.3. True aquifer parameters and prior/posterior estimates for Stage 1, 2, 3 calibrations.

Stage 1 Prior  Stage 2 Prior  Stage 3 Prior Stage 3 Posterior

Parameter PDF? \le:; Values Std*> Values Std®> Values Std®> Values Std?
Avg aquifer darcy velocity, m/d LN 009 o008 020 010 010 010 008 009 0.06
Mobile volume fraction (fm)® 1 1

Mobile zone porosity, - 0.32 0.3

Mobile zone TCE (kd)4, m3/kg LN 1.30E-4 160E-4 0.20 1.34E-4 0.19 1.04E-1 0.08 1.21E-4 0.14
Mobile zone density, kg/m? 1860 1890

Immobile zone porosity, -

Immobile zone TCE kg, m¥/kg

Immobile zone density, kg/m?

Immobile zone TCE diff coef, m?/d

Max diffusion path length (Lin™®), m

Longitudinal dispersivity, m 10 15 1 1403 0.1 1110 0.07 1133 0.05
Ay/Ax LN 0.08 0.1 1 0.05 0.12 0.07 0.08 0.07 0.06
Az/AX LN 0.005 o0.01 1 0.01 0.13 0.003 0.09 0.003 0.08
Flow direction, degrees 5 45

Agquifer thickness, m 30 30

Effective decay coef w/out ED, 1/d 2E-4  1E-4 1 41E-4 016 16E-4 021 13E-4 0.20
ED reaction rate coef (aep), 1/d 0.005 o0.01

Mobile ED (kg)*, m®/kg LN 2.00E-4 3.00E-4

Immobile ED (kg), m¥/kg

Immobile zone ED diff coef, m?/d

ED decay coef, 1/d 0 0

H-equiv EA concentration, g/m? 275 239

H-equiv O, concentration, g/m? 0.57 049

H-equiv ED ratio, - 026 026

H-equiv CH ratio, - 0.061 0.05

Serial decay fraction, - 0.32 0.5

Bold: posterior values from previous stage calibration

1 Assumed probability distributions: N = normal, LN = lognormal.

2 Standard deviations of LN variables are log-transformed (dimensionless); all other values are in specified units.
3 Mobile and immobile zone pore fractions include 5 m thick underlying clay

% kg mobile and immabile for TCE are assumed to be same and are calibrated (same to ED)
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Optimization
As it is the best knowledge obtained from Stage 1 calibration, design optimization for Stage 1 is
based on this. Design optimization includes TSR for Source 1 and ED1 (middle) and ED2
(downstream). All remediation activities begin in Jan 1, 2007 except ED1 in which its optimal
commencing date and duration are determined according to other remediation performance during
optimization.

TSR design variables are 1) local soil concentration to terminate heating a monitoring zone (MZ)
in a treatment zone (TZ) (1 TZ for Source 1), 2) number of MZs in a TZ, and 3) number of soil
sample locations and samples per bore hole. Time to peak mass recovery rate (tpeak) is assumed as
64 days. ED1 design variables are its starting date, TCE concentration upgradient of ED1 to
terminate ED1, and number of groundwater monitoring samples per year. ED2 is, however,
immediately active on Jan 1, 2007 to maintain the TCE concentration below MCL 5 ppb while
being operated same as ED1.

Results from Stage 1 optimization show that mass was recovered about 4000 kg in Dec 2017,
which is much higher than true mass and impossible. Figure 7.6 summarizes the total projected
cost-to-complete (CTC that is ENPV to reach NFA). CTC by Stage 1 optimization is about
$11,000k with tata = 2038, while the true cost simulated by these optimized design variables is
about $19,200k with tnta = 2079, where Source 2 is included in simulation. This indicates that Stage
1 optimization based on Source 1 will not perform correctly in the real site (i.e., two sources).

Therefore, we collected quarterly multi-depth TCE concentration at MW?2 for two years (2007-
2008) as part of post-remediation monitoring that contribute to additional source zone
characterization. This additional data is included in Stage 2 calibration in addition to regularly
monitoring data in other MWs data from 2006 to 2009.

20,000 Projected cost-to-complete R Projected time-to-complete
15‘000 \N \: ?rFL)JteD;asrigr?lept Design 2080
z § S
g 10,000 \ . e \
" 5000 \ \\ I 2020 I .
0 § ;\§ \\\\\7 2000 §
Stage 1 Stage 2 Stage 3 Stage 3

Figure 7.6. Projected cost-to-complete and time-to-complete.

The actual cost incurred until tnfa is summarized in Figure 7.7, which was computed for true
parameters using true TSR optimization result (Source 1 in 2007 and Source 2 in 2011) and
optimized ED variables in each stage. Those variables are summarized in Tables 7.5 and 7.6,
respectively.
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Stage 2

Calibration

The optimized variables form Stage 1 were implemented during 2007 to 2010. TCE concentration
in MW?2 was monitored at 10, 20, and 30 bgs during and after TSR1. Figure 7.8 describes the TCE
concentration of MW2 at 20 m bgs for true parameters and Stage 1 calibration using Stage 1
optimization that includes only Source 1. In Dec 2008 after 2 years of TSR1, Stage 1 optimization
substantially mislead TCE concentration about 100 ppb at Z = 20 m bgs (where Source 2 is located
at Z = 23 m bgs), while quarterly measurements (noisy data based on ‘True+TSR1’ with SInC =
1.4) still show 1000~8000 ppb. This finding initiated site recharacterization resulting Source 2
identified. Therefore, Stage 2 calibration includes both Source 1 (treated) and Source 2 (untreated)
(see Table 7.3).

Past remediation activities included in Stage 2 calibration are 1) mass recovery data from TSR1
and 2) injection rate for both EDs and start date of ED1 optimized in Stage 1. The calibration
efficiency (r) was 0.82 slightly higher than Stage 1. However, Stage 2 calibration improved the
estimates of mass flux and mass for Source 1, which are close to true values (Table 7.3 and Figure
7.4). Although the log uncertainty of both parameters for Source 1 was substantially reduced
compared to Stage 1 calibration, Source 2 mass is still uncertain (Figure 7.4b) because Source 2
characterization data is only for 2 years (2007-2008). The overall prediction uncertainty (SInC)
decreased from 1.05 to 0.73 that is close to assumed uncertainty 0.7 for annual average.
Dispersivity related parameters were particularly improved compared to Stage 1 (Table 7.4).
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Figure 7.7. Actual cost incurred until tnfa.

Table 7.4. True TSR optimization results for each source.

Variables TSR 1 TSR 2
Start year 2007 2011
Duration (days) 266 350
Cstop_local (ng/kg) 105 114
Nwmz/TZ 11 1
Nep/MZ 1

Nsmp/GP 3 3
True mass recovery (kg) 1712 693

Note) Bold: optimized values based on true source parameters.
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Table 7.5. ED design variables for each stage.

Variables Stage ED1 ED2
Injection rate (kg/d) 1 2.1 8.0
2 8.5 7.6
3 6.3 4.8
Start date 1 2009.5 2007.0
2 2011.0 2011.0
3 2015.0 2015.0
Cepstop (ng/L) 1 89.8 12.8
2 3.1 2.0
3 1.6 275
Termination year* 1 2020.5 2061.0
2 2031.0 2023.0
3 2023.0 2023.0
Nsmp (/yr) 1 3 3
2 1 1
3 1 1

Note) Bold: optimized values based on the calibration in Stage
* Termination year was post-simulated for true parameters using optimize ED variables.
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Figure 7.8. TCE concentration of MW2 based on true parameters + recovery data, and
calibration + optimization in Stages 1 and 2.
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Optimization
Measured mass recovery data for Source 1 and the design variables of ED1 and ED2 from Stage

2 optimization were implemented continuously up to the beginning date of Stage 2 optimization
Jan 2011. Stage 2 optimization determines 1) optimal mass recovery and sampling strategy for
Source 2 (TSR2) and 2) optimal injection rate, termination date, and sampling frequency of both
EDs. Compared to Stage 1, the injection rate of ED1 (middle) increased due to Source 2
identification and ED2 (downstream) maintained its injection rate similar to Stage 1. It is notable
that the termination criteria for both EDs are substantially decreased compared to Stage 1 (Table
7.6). This observation needs careful attention because the reduced (stricter) termination criteria
did not extend injection duration because Stage 2 calibration provided more accurate parameters
leading to less uncertain decision-making than Stage 1.

As presented in Figure 7.6, the projected CTC computed by Stage 2 optimization is similar to
Stage 1 in which optimization was ideal only to Stage 1 calibration without Source 2. The projected
CTC computed for the true parameters using Stage 2 optimization results are 40% less than the
Stage 2 ENPV. Stage 2 optimization showed about 50 years longer NFA date than Stage 1
optimization but just 10 years longer than the Stage 1 true NFA date. As uncertain Source 2 is
included in Stage 2 optimization, it is closer to the true behavior. By forward simulating Stage 2
optimization results with true parameters, the true tnfa is shortened 40 years compared to that by
Stage 1 optimization (Figure 7.6).

The actual cost toward tnfa based on Stage 2 optimization is about $13,600k that is much lower
than the actual cost by Stage 1, $19,200k. Note that actual cost includes the previously paid actual
cost (Figure 7.7). As a part of post TSR monitoring, TCE concentration was quarterly measured at
MW?2 for multiple depths to improve Stage 3 calibration and optimization. Additional data for
Stage 3 calibration include 1) TCE concentration data in all MWs up to 2015 and 2) TSR2 mass
recovery data. Note that deterministic optimization was performed for Source 2 to estimate true
mass recovery data.

Stage 3

Calibration

The optimized variables form Stage 1 and Stage 2 were implemented during the period of Jan 2007
to Dec 2010 and Jan 2011 to Dec 2015, respectively. TCE concentration in MW2 was monitored
at 10, 20, and 30 bgs during and after TSR2 (2011~2012). Recall that Figure 7.8 describes the TCE
concentration of MW2 at 20 m bgs for true parameters and Stage 1~2 calibration. Stage 2
calibration and optimization better describes the true TCE curve than Stage 1. This observation
strongly supports that post-remediation monitoring is essential in decision-making for further
progress. The measured concentrations in MW2 after TSR2 show significant reduction after TSR2
yet still highly uncertain due to noise.

TCE mass of Source 1 and Source 2 was more consolidated by adding MW?2 data from 2007 to
2012. Calibrated values for mass flux and mass in Stage 3 are close to true values as shown in
Figure 7.4, which is supported by posterior uncertainties for those parameters less than 0.1.
Prediction uncertainty was also maintained similar to Stage 2 (Figure 7.5). Overall calibration
efficiency (r) was 0.82, which is same as Stage 2 implying further calibration does not improve
the prediction performance by adding extra data. As a result, final parameter values after Stage 3
calibration in Table 7.3 are close to their true values.
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Optimization

Stage 3 optimization determines only ED1 and ED2 operation strategy. Because Stage 3
calibration with mass recovery data of Source 1 and 2 was credible, Stage 3 optimization can be a
final stage to determine the design variables for the remaining period until met NFA. ED
termination criteria (Cep stop) are finally optimized as 1.6 and 27.5 ppb for ED 1 and ED2,
respectively. Those are representative values that should be less than 95% UCL of previous 5-year
measurements With Slac=Sincpost/Nsmp*/?., Where Sincpost is the posterior SInC from previous
calibration. As Cepstop is stochastically optimized across 100 MC simulations, longer measurement
series is recommended to estimate reliable UCL in fields.

Figure 7.6 indicates that tnta = 2042 determined by Stage 3 optimization is close to tata = 2034 by
true parameters simulated using Stage 3 optimization results. We expect those two values will be
closer after Stage 4 calibration and optimization. Finally, the total accumulated actual cost to be
incurred by tnta = 2034 is 37% lower than Stage 1 if implemented until tha = 2079 (Figure 7.8)

7.6 References

Levine, H. (2010) EPA perspective on site closure: how clean is clean? US Department of Defense
SERDP/ESTCP Partners in Environmental Technology Technical Symposium and Workshop,
Washington DC, Nov 30-Dec 2.
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8. Application to Joint Base Lewis-McChord EGDY site

8.1 Site Description

The East Gate Disposal Yard (EGDY) is a source of groundwater contamination at the Logistics
Center National Priority List Site located on Joint Base Lewis-McChord (JBLM) in Fort Lewis,
Washington (Figure 8.1). EGDY was used between 1946 and the mid-1970s as a waste disposal
site for solvents from cleaning and degreasing operations. Material was transported to the disposal
yard in barrels and vats from various areas. About seven barrels of liquid waste per month were
disposed during peak operation. A TCE plume in the shallow aquifer evolved from the disposal
site with concentrations in the range of hundreds pg/L in the source area and concentrations
exceeding 5 ug/L over 4 km downgradient (Dinicola, 2005; USACE, 2008).

The climate of Fort Lewis is characterized by warm dry summers and cool wet winters with a
mean annual temperature of about 13 °C and mean annual precipitation of about 1000 mm. Fort
Lewis is underlain by a complex and heterogeneous sequence of glacial and non-glacial deposits
including a shallow aquifer (Vashon) and a deep aquifer (Sea Level Aquifer, SLA). The Vashon
aquifer is unconfined and continuous throughout the Fort Lewis area. It ranges in thickness
between about 30 to 60 meters. The Vashon and SLA aquifers are separated by a mostly continuous
low permeability aquiclude. However, a “window” occurs about 2 km downgradient of the
disposal area that allows water and contaminants from the shallow Vashon aquifer to migrate to
the deep SLA aquifer.
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Figure 8.1. Location of EGDY site and TCE plumes as of 2004 (Dinicola, 2005).
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Groundwater at Fort Lewis generally flows to northwest in the VVashon aquifer and west-southwest
in the SLA aquifer. A simplified geologic cross section of the Fort Lewis site is shown in Figure
8.2. More details on the site geology are found in Dinicola (2005), Truex et al. (2006), and USACE
(2008).

Several remediation actions have been performed at the EGDY site to contain the existing
contaminant plume or reduce DNAPL mass in the source zone. Disposal trenches were excavated
in 2000 to remove contaminated waste buried above the water table. About 1260 drums of
contaminant were removed. To reduce DNAPL mass below the water table, Thermal source
treatment (TSR) using electrical resistance heating was implemented for three source zones
between late 2003 and early 2007. Tables 8.1 and 8.2 summarize the activities.
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Figure 8.2. Hydrogeologic cross section of Fort Lewis site (Dinicola, 2005).
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Table 8.1. EGDY site remediation history (USACE, 2008)

Date Activity Location
1995-2005 Pump-and-treat systems installed in Vashon One near EGDY

Aquifer second near highway I-5
2003 - 2005  Integrated pump test in Areas 1 and 3 in Nov EGDY

2003 and Sep 2005, respectively
2003 - 2005  Source flux measurements in Areas 1 and 3 in EGDY

Nov 2003 and Sep 2005, respectively
2003 - 2006 TSR and monitoring in Areas 1, 2 and 3 in Dec EGDY

2003 - Aug 2004, Feb 2005 - Aug 2005, and Oct

2006 - Jan 2007, respectively
2005-2006 Whey injection pilot tests EGDY
2005 - 2007  Post-TSR monitoring in Areas 1,2 and 3 in May EGDY

2005, Sep. 2005, and Feb 2007, respectively
2006 - 2008  Post-treatment soil coring in Areas 1,2 and 3in EGDY

Apr 2006, Apr 2006, and Mar 2008, respectively
2009 Pump-and-treat system installed in SLA Near hospital
2010 SLA P&T system in operation

Table 8.2. Summary of TSR operations at EGDY site (USACE, 2008)

Variable Area l Area 2 Area 3
TSR treatment area (m?) 2360 2080 1691
TSR max depth below ground surface (m) 10 16 9
TSR treatment volume (m?3) 23625 135953 15368
Energy on date 12/17/2003 02/14/2005 10/11/2006
Energy off date 08/04/2004 08/05/2005 01/26/2007
Duration (days) 231 172 107
Mass removal, TCE + DCE (kg) 2990 1340 1120




8.2 Model Calibration

8.2.1 Characterization of groundwater flow field

The EGDY site was analyzed by Kim et al. (2013) as a part of ER-1611 using version 1 of
SCOToolkit that used a semi-analytical vertically-averaged 2-D transport solution. The present
analysis employs SCOTolkit version 3 that is capable of simulating 3-D transport for both
contaminant and electron donor and uses a more rigorous model for thermal treatment. Therefore,
as a first step to set-up a revised site characterization model for calibration, all previous monitoring
data were converted to a 3-D format using the mid-screen elevation as the model depth.

Improved functionalities of SCOToolkit enable iterative recalibration and reoptimization to refine
remediation and monitoring strategies over time. The analysis considers multiple zones in the
aquifer with different first-order decay coefficients to simulate distance-dependent natural
attenuation and losses from the shallow Vashon aquifer to the deeper SLA through a “window”
between the two units (Figure 8.1)

Groundwater flow at the EGDY site was characterized by USACE (2008). The model used in this
project simulates groundwater flow and transport with curvilinear streamlines as described in
Chapter 2. Streamlines commence from each DNAPL source and actual or planned ED injection
galleries. Groundwater streamlines were digitized and fitted to third-order polynomial equations
of the form y = ax+hx?+cx3 (see Chapter 2). The model computes travel distances from sources to
the wells of interest along streamlines. Transport in the SLA is not simulated since the contaminant
plume in SLA has been contained by P&T since 2010. Instead, this analysis models vertical mass
losses through the “window” between the two aquifers using a first-order reaction coefficient to
simulate advective losses proportional to the Vashon aquifer concentration and the vertical
hydraulic flux.

Coefficients of individual streamline equations are presented in Figure 8.3. ED galleries 1 to 3
upgradient of each source are not simulated in this analysis, which focuses on the effects of TSR
and possible additional source zones. An electron donor gallery immediately upgradient of an
inferred but unknown source zone (Source 4 hereafter) will be considered for potential mass
transfer enhancement and downstream plume remediation. ED gallery streamlines follow the same
functions as the associated sources.

8.2.2 Calibration using pre- and post-TSR data

Chlorinated solvent concentrations in groundwater reported by Truex et al. (2006) were utilized to
construct time-series for each monitoring well. Measured concentrations of TCE and DCE were
converted to “TCE-equivalent” total concentrations such that the H-demand is equal to that for
complete reduction of TCE and DCE to ethane (vinyl chloride levels are not significant). Note that
calibration to total solvent concentration rather than to TCE alone means that the effective decay
coefficient represents the product of individual species decay coefficients. Since the latter are
typically much less than 102 days™, the effective decay for the total concentration will be very
small and hence will contribute little to model uncertainty. Locations of monitoring wells in the
Vashon aquifer used for model calibration are shown in Figure 8.3. Pre-TSR data include dissolved
concentration measurements from 17 wells from Sep 1990 to Aug 2003.
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Figure 8.3. Streamlines and MWs used to model groundwater flow at the EGDY site. The blue
zone represents the “window” connecting the Vashon and SLA units.

We assume that contamination in the SLA is transported from the Vashon aquifer through a
window between the two aquifers (Fig. 8.3). The Vashon aquifer is divided into three zones with
different decay coefficients. Zone 1 extends from the DNAPL sources to the window; Zone 2
encompasses the window itself; and Zone 3 is the region downgradient of the window. The model
uses 0.0001 d* as a prior estimate of biodecay coefficients of for Zones 1 and 3 and 0.002 d*! for
Zone 2.

Mass flux was estimated to be 0.754 kg/d from Area 1, and 0.323 kg/d from Area 2 in November
2003, and 0.420 kg/d from Area 3 in April 2006. To model source zone mass dissolution and
transport downstream, initial estimates of source and aquifer parameters were estimated from
information in various reports (Dinicola, 2005; Truex et al., 2006; USACE, 2008) summarized in
Table 8.3. Model parameters were calibrated to site data using 2000 as the reference year (tca) for
source mass and source flux. Post-TSR data included longer time-series for pre-TSR wells through
Mar 2015, plus measurements of source mass flux (Nov 2003 ~ Apr 2006) and mass removed by
TSR (Dec 2003 ~ Oct 2006).
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Figure 8.4 shows the time-series of available quarterly monitoring well (MW) data. Data was
obtained from the JBLB and other USACE (2008). Calibration was performed using annually-
averaged concentration data. Depending on the number of samples taken per year, this may involve
averages of 2, 3 or 4 quarterly measurements or in some cases only a single measurement. Since
calibration data variability will diminish with the number of samples averaged, measurement
uncertainty is classified according to the number of samples averaged per year.
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We performed calibration for three cases to incrementally improve parameter estimates:

1. Pre-TSR/S3/2003: calibrate 3-source model to MW data from Sep 1990 to Aug 2003 using
prior estimates of source mass from pre-TSR data based on USACE (2008)

2. Post-TSR/S3/2007: calibrate 3-source model to MW data from Sep 1990 to Dec 2007 with
actual TSR data based on USACE 2008 (with 3 standard deviation limits for Mca).

3. Post-TSR/S4/2007: same as post-TSR/S3/2007 except (a) fixed Mcal for 3 known sources
based on measured TSR recovery, and (b) calibrate parameters for a fourth unidentified
source (S4).

4. Post-TSR/S4/2015: same as post-TSR/S4/2007 except include additional MW data through
2015

Table 8.3. Fort Lewis site characterization data.
Area Parameters Prior Value! STD? Reference
Area l Mass at 12/16/2003 (kg) 8600 0.27 USACE, 2008
Flux at 12/16/2003 (kg/d) 0.75 1.00 USACE, 2008
Release date 1970 5.00 USACE, 2008
Width (m) 47 USACE, 2008
Thickness (m) 9 USACE, 2008
Area 2 Mass at 02/13/2005 (kg) 7500 0.25 USACE, 2008
Flux at 02/13/2005 (kg/d) 0.32 1.00 USACE, 2008
Release date 1970 5.00 USACE, 2008
Width (m) 42 USACE, 2008
Thickness (m) 13 USACE, 2008
Area 3 Mass at 10/10/2006 (kg) 9500 0.27 USACE, 2008
Flux at 10/10/2006 (kg/d) 0.42 1.00 USACE, 2008
Release date 1973 5.00 USACE, 2008
Width (m) 34 USACE, 2008
Thickness (m) 8 USACE, 2008
Vashon g (m/d) 0.4 0.25 Truex et al., 2006; Dinicola, 2005
Porosity 0.29 - Truex et al., 2006; Dinicola, 2005
Kg (m*/kg) 3.1E-5 0.25 Truexetal., 2006
AL (m) 80 1.00 Assumed 10% of plume length
AT/AL 0.1 1.00 Typical value
AV/AL 0.01 1.00 Typical value
A for Zones 1 and 3 (/d) 1.0E-4 0.50 Initial value
A for Zones 2 (/d) 2.0E-4 0.50 Initial value
Saturated depth (m) 30 0.20 Truexetal., 2006
ED average (H-eq ppb) 48 0.15 Dinicola, 2005
Saturated depth (m) 30 0.20 Truexetal., 2006

L Prior estimates represent arithmetic mean for release date, geometric mean for other parameters.
2 Standard deviations of prior estimates are dimensionless statistics for In-transformed values for all parameters
except release dates, which are in actual units.
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Figure 8.5. Observed vs. simulated concentrations for different model calibrations.

Mecar 1-3 IS the total calibrated mass in sources 1-3 in 2003; Mcal 1-4 is the mass in sources 1-4.

Figure 8.5 shows scatter plots and correlations for observed versus predicted concentrations for
each calibration. Correlation coefficients improve slightly for each progressive calibration from
0.85 for pre-TSR/S3/2003 to 0.91 for post-TSR/S4/2015. However, estimated parameter values
differ significantly. In particular, the total Mcal for the three identified sources (Mcai1-3) is 24,884
kg for the pre-TSR/S3/2003 calibration and 16,030 for the post-TSR/S3/2007 calibration in 2003
(tcar), which are 4.6 and 2.9 times the actual mass recovery during TSR indicating thermal

recoveries of only 22% and 34% for the respective calibrations (Table 8.4).

These unreasonably low recovery ratios led us to infer that a fourth unidentified source is likely.
Upon initially reaching this conclusion, we performed a modified post-TSR/S3/2007 calibration
with upper bounds for Mca of the three known sources specified assuming 99% recovery by
thermal. The results (not shown) yielded very poor results with a correlation of only 0.28,

indicating the three-source model is not consistent with observed thermal recovery.
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No empirical data is available to identify the location or dimensions of a fourth source. However,
preliminary sensitivity analyses indicated a location on a streamline between TSR areas 2 and 3
produced the greatest regression improvement. No attempt was made to rigorously calibrate the
source location and geometry. In our experience, calibrating source locations is very difficult in
the absence of a very dense monitoring network. In particular, a source located roughly along the
identified streamline but substantially up or downgradient could produce very similar results.
Additional field investigations would be necessary to locate the unidentified source if this is
deemed necessary.

Post-TSR/S4/2007 and post-TSR/S4/2015 calibrations in Table 8.4 fixed Mcal for the three known
sources at 5,506 kg assuming 99% recovery by thermal treatment yielding estimates for a fourth
unidentified source of 3,145 kg and 432 kg, respectively, based on the assumed source location.

Table 8.4. Calibration summary for EGDY site.

Pre-TSR/ Post-TSR/ Post-TSR/ Post-TSR/
S3/2003 S3/2007 S4/2007 S4/2015
Parameters Best S Best Sin Best Sin Best Sin  Notes
Mecan 8473 0.27 7702 0.32 3020 * 3020 * 2990 kg removed by Aug’04
Mcar2 7150 0.24 3598 0.38 1354 * 1354 * 1340 kg removed by Aug’05
Mcais 9262 0.27 4730 0.47 1132 * 1132 * 1120 kg removed by Jan’07
Mcais - - - - 3145 0.78 432  0.50 unidentified
Mecar sum 24884 - 16030 - 8651 - 5938 - 5450 kg removed by Jan’07
Jeal 0.16 0.77 0.09 0.68 0.27 0.28 0.20 0.21 0.75kg/g in Nov’03
Jeal2 0.77 0.30 0.34 0.27 0.12 0.64 0.10  0.47 0.32 kg/d in Nov’03
Jeais 0.34 0.31 0.19 0.25 0.12 0.37 0.10  0.26 0.42kg/d in Apr’06
Jeal - - - - 0.25 0.31 0.08 0.20
\]cal sum 126 - 062 - 076 - 048 -
f1 1.00 0.50 1.00 0.50 0.98 0.40 1.07 0.37
p2 1.00 0.35 1.29 0.28 1.03 0.48 1.12 0.46
p3 1.00 0.48 1.14 0.45 1.10 0.36 1.07 0.33
P - - - - 1.09 044 1.03 0.24
A 94E-5 045 6.7E-5 042 87E-5 043 58E-5 0.43
A2 9.7E-4 042 10E-3 030 99E-4 040 9.2E4 031
A3 5.8E-4 030 4.7E-4 021 7.8E-4 0.26 7.9E-4 0.15
Ow 0.18 0.20 0.10 0.15 0.15 0.19 0.10 0.08
AL 89 054 119 0.47 33 0.55 41 0.46
Ar/AL 0.20 0.53 0.15 0.45 0.37 057 0.27 0.48
AvIAL 0.03 0.81 0.02 0.82 0.03 0.79 0.02 0.76

Notes: Calibration reference date (tca) is 2003.
Best values denote calibrated best estimates.
Sin values are posterior estimates of In-transformed parameter standard deviations.
Units are kg for Mcal, kg/d for Jea, d* for A, m/d for gw, and m for A.
*indicates indeterminant S, because parameters are fixed based on actual TSR recovery data.
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The pre-TSR/S3/2003 calibration represents our best initial estimate of model parameters with
data available through 2003, while the post-TSR/S4/2015 calibration represents best final estimate
with thermal recovery data and 12 additional years of monitoring data (Table 8.4). The largest
differences occur in source parameters, with an estimated total mass in all sources of 24,884 kg in
2003 for the initial calibration, but only 5,938 kg for the final calibration of which 432 kg is in the
unidentified fourth source.

The mass discharge from all sources in 2003 was estimated to be 1.26 kg/d for the initial
calibration, but only 0.48 kg/d for the final calibration. Source depletion exponents (f) are
essentially the same for all calibrations, although sensitivity to this parameter appears to be low.
Effects of lower estimates of source mass and discharge rate for the final calibration (which tend to
decrease predicted concentrations) appear to be offset by a zone 1 decay coefficient (A1 closest to
the sources) that is 38% smaller and a transverse dispersivity (Ar) that is 39% smaller for the final
calibration relative to initial calibration values (which tend to increase simulated
concentrations in the core of the plume).

8.3 Remedial design evaluation and optimization

8.3.1 Long-term simulations with no further remediation action

Non-optimized MC simulations were performed to assess the long-term effectiveness of thermal
treatment at the site based on the initial pre-TSR/S3/2003 and final pre- and post-remediation
parameter estimates. Simulations of TSR were made such that the contaminant mass removed from
each source was equal to the measured removal. The following simulations were performed:

* NoOptla - No TSR or subsequent remedial action for pre-TSR/S3/2003 calibration

»  NoOptlb - Actual TSR with no other remedial action for pre-TSR/S3/2003 calibration
* NoOpt2a - No TSR or subsequent remedial action for post-TSR/S3/2007 calibration

»  NoOpt2b - Actual TSR with no other remedial action for post-TSR/S3/2007 calibration
* NoOpt3a - No TSR or subsequent remedial actions for post-TSR/S4/2007 calibration

* NoOpt3b - Actual TSR with no further remediation for post-TSR/S4/2007 calibration

* NoOptda - No TSR or subsequent remedial actions for post-TSR/S4/2015 calibration

* NoOpt4b - Actual TSR with no further remediation for post-TSR/S4/2015 calibration.

Simulations for the above cases were performed to simulate probability distributions for TCE-
equivalent concentration at a compliance well (Figure 8.3) screened over the upper 10 m of the
Vashon aquifer. Median estimates and two-sided 95 and 99% probability confidence limits were
computed for each case (Figure 8.6).

NoOptl results, based on the pre-TSR/S3/2003 calibration, indicate a 50% probability that the
TCE-equivalent concentration will be less than 5 pg/L in the year 2205 without thermal treatment
(95% confidence limits from 2095 to 2303) and in 2150 with the actual thermal treatment (95%
confidence limits from 2080 to 2294).
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Figure 8.6. TCE-equivalent concentration at the compliance well without source treatment (left)
and with actual source treatment (right) based on different calibrations (rows). Solid red lines
represent the MCL for TCE. Dashed red lines denote 50% probability time to reach MCL.
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Results for NoOpt2, based on the post-TSR/S3/2007 calibration, do not differ substantially from
NoOPtl results. The results indicate there is a 50% probability that the TCE-equivalent
concentration will be less than 5 pg/L in 2200 without thermal treatment (95% confidence limits
from 2123 to 2334) and in 2160 with the actual thermal treatment (95% confidence limits from
2074 to 2288).

NoOpt3, based on the post-TSR/S4/2007 calibration, yields a 50% probability that the TCE-
equivalent concentration will be less than 5 pg/L in 2115 without thermal treatment (95%
confidence limits of 2067 to 2275) and in 2095 with the actual thermal treatment (95% confidence
limits of 2053 to 2239). The median dates are significantly earlier that for NoOpt1 and NoOpt2.

NoOpt4, based on the pre-TSR/S4/2015 calibration, indicates a 50% probability that the TCE-
equivalent concentration will be less than 5 pg/L in 2100 without thermal treatment (95%
confidence limits of 2078 to 2132) and in 2040 with thermal treatment (95% confidence limits of
2027 to 2069).

While the spread between upper and lower 95% confidence limits decreases little from NoOptl to
NoOpt3, averaging about 200 years, the spread decreases to about 50 years for NoOpt4, indicating
the last 8 years of monitoring data has significantly improved model precision. Specifically,
NoOpt4b indicates that without any additional active remediation, compliance is expected by 2040
with 50% confidence and by 2069 with 95% confidence. In the meantime, pump-and-treat systems
in the Vashon and Sea Level aquifers would need to continue operation to control plume migration.

Figure 8.7 summarizes the predicted upper and lower 99% confidence limits and median dates at
which concentrations are predicted to fall below 5 ug/L based on initial and final calibrations with
no remedial actions (NoOptla and NoOpt4a) and with actual thermal treatment of known sources
(NoOptlb and NoOpt4b). While confidence bands for simulations of no remedial action based on
initial and final calibrations mostly overlap at the 99% level, confidence bands for simulations
with remedial actions only partially overlap and the median NoOpt4b date lies below the lower
99% confidence limit of the analogous NoOpt4b simulation. This indicates that error bounds based
on the early calibration are not accurate, which we attribute, at least partially, to errors in the
conceptual site model (i.e., missing source).

Initial calibration (NoOptla)
|
| @

Final calibration (NoOpt4a) No remedial action

Initial calibration (NoOptlb)

| ®

Final calibration (NoOpt4b) Thermal treatment of known sources
| |

2000 2100 2200 2300 2400
Date compliance well below 5 pg/L

Figure 8.7. Confidence bands (two-tailed 99%) for date to reach 5 ppb concentration at the
compliance well with no remedial action (blue lines) or with actual thermal treatment of the three
known sources only (red lines) based on initial or final calibrations. Circles are median dates.

8-12



8.3.2 Progressive calibration-optimization analysis

Data from the EGDY site was used to perform a two-stage progressive calibration-optimization
analysis as follows:

1. Perform initial calibration (pre-TSR/S3/2003),

2. Optimize thermal system for S1-S3 using pre-TSR/S3/2003 parameters (Optl),

3. Implement optimized design and monitor site through 2007,

4. Recalibrate with additional data (post-TSR/S4/2007) which identifies a likely S4 source,
5. Optimize thermal remediation system for S4 using post-TSR/S4/2007parameters (Opt2).

The first optimization (Optl) addresses thermal system design for the three known sources as of
2003. Each source is regarded as a single thermal “treatment zone” (TZ), which is divided into 4
“monitoring zones (MZ). All heating units within a given TZ are turned off when the upper
confidence limit of the measured TZ soil concentration is below Cstop global. Heating units within
individual MZs may be terminated prior to reaching the TZ level criteria if the upper confidence
limits of measured MZ soil concentration is below Cstop 1ocal Values for Cstop locat and Cstop global Were
optimized subject to the condition that Cstop local < Cstop global. Vapor monitoring of each TZ and MZ
was assumed for making thermal system termination decisions (Chapter 4). Compliance is based
on the RCL rule (Chapter 7) with 95% confidence using a 5-year lookback period with quarterly
groundwater sampling. A cost penalty (Chapter 7) was applied if compliance well concentrations
do not meet compliance levels by a penalty date tpenaity (2035) or if site-wide cleanup criteria are
not met by tmax (2050). Cost variables used for both optimizations are summarized in Table 8.5.

Table 8.5. Cost variables used in design optimization.

Description Variable Value Unit

Thermal treatment costs ?
Total fixed cost for thermal treatment excluding monitoring $cap 937, 559, 334, 748 $k
Operating cost per day excluding heating unit operating cost $SiteOp/day 12.00, 11.95, $k/day

15.50, 11.97

Operating cost per day for TZi with all heating units on $TZop/day 6.18, 6.15, 7.98, 6.17 $k/day
Treatment cost per unit recovered $mass 0.01 $k/kg
Cost per MZ for equipment to monitor mass recovery $MZcap 0 $k
Cost per day per MZ to monitor cumulative mass recovery  $MZ/day 0 $k/day
Cost per soil boring $boring  9.00, 6.44,9.31, 7.72 $k
Cost per soil sample taken from a given boring $soil smp 0.5 $k
Other costs

Cost per compliance sampling event cja“r’n‘;’) NS 25 $k/event

PT operating costs and other site-wide costs ° Cttha?p 87.5 $k/year

Penalty cost for non-compliance che 50,000 $k

Reference year for cost discounting tref 2005 year

Discount rate d 0 year?

& Estimated based on Table 6.6-5 of USACE (2008). Note: values do not include source characterization costs,
post-remediation flux measurements or groundwater pumping at source. Four cost values are for each source.
b J. Gillie, CTR US USA IMCOM, personal communication (2010).
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Optimized TSR design variables and costs for Optl are given in Table 8.6. The expected
(probability-averaged) total cost for Optl was $15.828 million for operation from 2003 until site-
wide NFA was attained with a failure probability of less than 1%. Optl results indicate a 99%
probability of achieving NFA by 2029. (Figure 8.8a). Following completion of S1-S3 thermal
treatment, the post-TSR/S3/2007 and post-TSR/S4/2007 calibrations revealed a likely fourth
source (S4). As of late 2007, NoOpt3b, which is based on the post-TSR/S4/2007 calibration
(Figure 8.6), provides the best forecast of performance following thermal treatment of S1-S3 with
no additional active remediation. Contrary to the rosy projections of Optl (Figure 8.8a), which are
predicated on only three sources and data through 2003, the four-source NoOpt3b simulation
indicates that it is likely to take 100 years and may take 300 years or more to achieve NFA without
additional remedial actions.

Accordingly, a second optimization (Opt2) was performed using post-TSR/S4/2007 calibration
parameters to design an S4 thermal system to potentially commence operation in early 2008. Opt2
assumes S1-S3 treatment based on Optl design variables. Predicted remediation performance over
time for Opt2 (Figure 8.8b) is very similar to that predicted for Opt1, which is not surprising since
both assume all DNAPL sources to be treated to comparably small residual source levels. The
expected total cost from 2003 to NFA attainment for Opt2 was computed from the expected cost
for S4 treatment and site-wide operations from 2008 to NFA plus expected costs from 2003
through 2008 from Optl, yielding a total of $21.922 million. This is significantly higher than that
for the 2003 calibration-based optimization (Optl). However, the low Optl cost is largely
attributable to the inaccurate site conceptual model underlying the 2003 calibration (i.e., missing
S4 source).

Table 8.6. Progressive optimization results for thermal remediation for EGDY site: Opt1 for
sources 1-3 based on Pre-TSR/S3/2003 calibration. Opt2 for source 4 based on Post-TSR/S4/2007
calibration. Costs are not discounted.

Optl results Design Variables

Source ENPV ($k) Cstop global (mg/kg) Cstop local (mg/kg)
TSR for S1 5,694 13.52 1.05

TSR for S2 4,730 2.40 0.46

TSR for S3 2,869 4.78 0.27
Expected other costs 2003-2007 2,535

Expected total cost 2003-NFA 15,828

Expected NFA date 2026

Opt2 results Design Variables

Source ENPV ($K)  Cstop global (mg/kg)  Cstop local (Mg/kg)
TSR for S4 5,831 0.54 0.46
Realized 2003-2007 costs 12,958

Expected other costs 2007-NFA 3,133

Expected total cost 2003-NFA* 21,922

Expected NFA date 2024

* includes $500k for S4 characterization
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Figure 8.8. Confidence limits of TCE-equivalent concentration at the compliance location for
(@) Optl based on pre-TSR/S3/2003 calibration, and (b) Opt2 based on post-TSR/S4/2007
calibration. Solid red line is MCL and dashed line is 50% probability date to reach MCL.

While the 2007 calibration exposes Optl results as unreliable, it is still pertinent to ask whether
the Opt2 strategy for thermal treatment of S4 is cost advantageous relative to continuing to monitor
and operate the existing pump-and-treat systems with no S4 treatment. We can evaluate this by
comparing the Opt2 cost from 2008 to NFA attainment with the cost of monitoring and pump-and-
treat from 2008 to the expected NFA date with prior remediation of S1-S3 but without S4
remediation. The latter result may be obtained from the previously discussed NoOpt3b simulation,
which is based on the same calibration as Opt2 (post-TSR/S4/2007). A comparison is presented in
Table 8.6 for undiscounted costs as well as for costs discounted at 3% per year. The results indicate
that thermal treatment of S4 is preferable if costs are not discounted, while discounted costs favor
not undertaking thermal treatment of S4.

Given uncertainty regarding the location of S4, steadily decreasing observed and simulated
dissolved phase concentrations, and effective pump-and-treat systems in place for plume
containment, a decision was taken to defer field investigations of the apparent fourth source.

The most recent calibration update based on monitoring data through 2015 provides an opportunity
to evaluate remediation progress and reassess the need for further investigation and treatment of
the S4 source. The NoOpt4db Monte Carlo simulation (Figure 8.6), which simulates dissolved
contaminant concentrations over time at the compliance location based on the post-TSR/S4/2015
calibration with actual thermal treatment of S1-S3, provides a basis for this assessment.

NoOpt4b predicts a much earlier expected NFA date of 2050 versus 2110 for the 2007 calibration-
based NoOpt3b simulation (Table 8.7). An analysis of expected costs based on the 2015 calibrated
NoOpt4b simulation indicates that no treatment of the S4 source was more favorable than treating
the source for both discounted and undiscounted expected costs, which validates the earlier
decision to defer treatment of S4.
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Table 8.7. Expected NFA date and cost from 2008 to NFA for 2007 and 2015
calibrations at two discount rates. Bold values indicate minimum cost remediation
option for each calibration and discount rate.

No S4 treatment S4 thermal treatment
. NFA Cost, $k  Cost, $k NFA Cost, $k Cost, $k
Calibration date  (d=0%) (d=3%) date  (d=0%)  (d=3%)
Post-TSR/S4/2007 2110 11.07 3.43 2035 8.84 7.89
Post-TSR/S4/2015 2050 4.62 2.61 2033 8.62 7.79

The 2007 calibration predicts that thermal treatment of S4 would decrease the NFA date from 2110
to 2035 with a slightly lower undiscounted total cost, but a substantially higher discounted cost
(Table 8.7). The decision to treat or not treat S4 based on cost is sensitive to the discount rate due
to a tradeoff between the large present cost for thermal treatment (~$6 million) versus long-term
pump-and-treat costs (~$100k/year). In such cases, it is more conservative to use a lower discount
rate, which suggests deferring treatment of S4 at least until the analysis is less ambiguous.

With additional data through 2015, long-term prediction uncertainty decreased resulting in a much
earlier expected NFA date and lower discounted and undiscounted costs without S4 treatment,
confirming the decision to defer treatment.

The decision not to pursue thermal treatment of S4 resulted in a 46% undiscounted cost
savings and a 67% discounted cost savings based on the 2016 calibration.

8.4 References

Dinicola, R. S. (2005) Hydrogeology and trichloroethene contamination in the sea-level aquifer
beneath the Logistics Center, Fort Lewis, Washington: U.S. Geological Survey Scientific
Investigations Report 2005-5035, 50 p.

Kim, U., J. Parker, P. Kitanidis, M. Cardiff, X. Liu, and J. Gillie (2013) Stochastic Cost
Optimization of DNAPL Remediation - Field Application. Environmental Modeling & Software
46: 12-20.

Macbeth, T. W. and K. S. Sorenson, Jr. (2008) Final Report: In Situ Bioremediation of Chlorinated
Solvent Source Areas with Enhanced Mass Transfer. ESTCP Project ER-0218.

Truex, M. J., C. D. Johnson, and C. R. Cole (2006) Numerical Flow and Transport Model for the
Fort Lewis Logistics Center, Fort Lewis, Washington. DSERTS NO. FTLE-33. Pacific Northwest
National Laboratory, Richland, Washington, 121 p.

US Army Corps of Engineers (2008) East Gate Disposal Yard Thermal Remediation Performance
Assessment After Action Report. 248 p.

8-16



9. Application to Dover AFB Area 5

9.1 Site Description

Dover Air Force Base (AFB) is located in Kent County, Delaware, and has been in operation since
1942. Base operations have generated numerous wastes, including solvents and hydrocarbons,
which were historically buried in drums or disposed in the storm drainage system. Wastes were
disposed in various on-base locations, which have resulted in several NAPL sources with
comingled contaminant plumes. Our focus in this study is a merged groundwater plume associated
with several sources within the West Management Unit (WMU) designated as Area 5 (ORNL,
2008).

Dover AFB is underlain by unconsolidated sediments of the Atlantic Coastal Plain (USGS, 2000).
The units of interest are the Columbia Formation and the underlying Calvert Formation. The
Columbia Formation is mainly composed of sands, silts and gravels. A clayey silt unit separates it
from the Frederica aquifer in the upper Calvert Formation. The water table configuration at Dover
AFB is generally controlled by surface water bodies including Little River, St. Jones River, and
Delaware Bay (USGS, 2000) and recharge from precipitation. The average darcy velocity in Area
5 is estimated to be about 0.02 m/d (USGS, 2000).

Five contaminant sources in Area 5 have been identified, including three oil-water separator sites
(OT51, OT50, OT44), a location with underground fuel storage tanks (SS20), and a waste
collection drain site (OT41). Locations of the sources and time-series of TCE-equivalent
concentrations at selected monitoring wells (MW) are shown in Figure 9.1. Chlorinated ethenes,
ranging from VC to PCE and soluble fuel hydrocarbons (BTEX) have been monitored semi-
annually since 1988 (Table 9.1).

A number of remedial actions have been undertaken to address chlorinated solvent contamination
in Area 5, which are summarized in Table 9.2. Emulsified vegetable oil (EVO) and lactate solution
have been injected as electron donors (ED) since 2006 to enhance microbial reductive
dechlorination of chlorinated ethenes. The process, referred to as Accelerated Anaerobic
Bioremediation (AAB), involves intermittent ED injection in 12 galleries known as Permanent
Injection Circulation Transects (PICT).

Table 9.1. Contaminant source locations (ORNL, 2008).

Contaminant OT51 Source E OT50 SS20 OoT44* oT41*
Benzene X X X X
Toluene X X X
cis-1,2-DCE X X X X X
PCE X X X X X
TCE X X X X X X
cis-1,2-DCE X X X X X
VC X X X

Notes: X indicates contaminant is present at this source;
* indicates sources not considered in the present study (see text for discussion)
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Figure 9.1. Contaminant plume as of 2005 with 5 and 500 ppb boundaries, locations of sources
and MWs, and EVO injection galleries at Dover AFB Area 5. Red vertical line in plot: first



Table 9.2. Chronology of events in Dover AFB (ORNL, 2008).

Date

Event

April 2006

May 2006
May 8 — 24, 2006

May 16 — June 9, 2006

May — July 2006
May — October 2006
Week of June 12, 2006

June 2006 — on going
July 2006
January/February 2007

July 2007 — November 2007

Apr 2012~ Oct 2012

Record of decision (ROD) prepared for OT51, OT50, SS20, O
T44, OT41/Motor Pool, and Area 5 (WMU)

Finalized Area 5 remedial action work plan (RAWP)

Collected membrane interface probe data delineate Source Ar
eas D and E prior to treatment injections

AAB direct injection performed at Source Areas E, F, G, and
H

Installation of AAB and monitoring wells
First round of AAB PICT injections

Baseline groundwater sampling conducted in upgradient porti
on of Area 5 (OT51/0T50)

AAB groundwater monitoring
Natural Attenuation (NA) monitoring conducted for Area 5
NA monitoring conducted for Area 5

Second round of AAB PICT injections; stopped before compl
etion because of cold weather

Installed PICT3 extension and Source Area F (SAF)-PICT

Table 9.3. Classification of MWSs in Area 5 (ORNL, 2008).

Well ID AAB NA Well ID AAB NA Well ID AAB NA
DM3501S X DM3511D X DM335S X
DM3502S X DM3512S X DM335D X
DM3503S X DM3513D* X DM339S X
DM3504S X X DM3514D X X DM339D X
DM3504D X X DM3515D* X DM375D X
DM3505S X DM3516M X X DM378F X
DM4507D X DM3517M X MWO078S X
DM4506D X DM329S X MWO078D X
DM3507D X DM329D X MW?214S X
DM3508S X X DM331S* X MW214D* X X
DM3508D X X DMB331D X MW?216S X X
DM3509F* X DM334S X X MW216D X X
DM3510D X DM334D X X

Note: S = shallow, M = middle, D = deep, * = selected compliance locations.
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9.2 Model Calibration

Groundwater streamlines originating at each contaminant source were estimated from water table
contours and the contaminant plume and described by cubic polynomial regressions (Figure 9.2).
Streamline functions starting from each EVO injection gallery were also determined. To obtain
streamline functions that increase monotonically in the x-direction, streamline regressions were
performed with northing as the x-coordinate and easting as the y-coordinate as discussed in
Chapter 3.

The Area 5 model simulates DNAPL source dissolution and transport for each source as well as
transport of injected ED from each injection gallery (i.e., PICTs in Figure 9.2). Since the model
does not explicitly simulate incomplete dechlorination, we model total chlorinated ethenes as a
pseudo-species. We sum the concentrations of all chlorinated ethene species after converting to
their stoichiometric equivalent quantity of TCE as described in Chapter 3. Model calibration was
performed initially using chlorinated solvent data collected from 1988 to 2005 before ED injection
started, followed by a series of post-remediation calibrations by using MW data up to 2015.
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Figure 9.2. Streamlines for sources and ED injection galleries (PICTSs).
Compliance MWs are marked with *.
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While Lee et al. (2012) used depth-averaged data in a 2-D model, the present analysis used data
from various depths to calibrate a three-dimensional model. Non-detect measurements that
represent 22% of entire MW data were omitted to avoid biased calibration on a log-scale, which
can be sensitive to the numerical value that must be assigned to non-detects to enable calibration.
A sufficiently large number of low concentration measurements remained in the calibration data
to constrain the plume perimeter. Most measurements (87%) are less than 500 ppb. Based on
preliminary calibrations, high concentrations were not well calibrated using equal weights on log-
concentrations. Therefore, a weighting factor classification method was used to give greater weight
to high log-concentrations. Final weighting factors were determined as 1 for <500 ppb, 2V for
500-1000 ppb, 2! for 1000-5000 ppb, and 2 for 5000-10000 ppb.

Unlike Lee et al (2012), sources OT41 and OT44 were omitted from the model in this study,
because preliminary calibrations indicated they had negligible contribution to observed chlorinated
solvent concentrations. PICT gallery widths, start and stop dates for injection each year, and
quantities of ED injected were obtained from AAB operational data.

Each contaminant source was characterized by its width, initial release date, contaminant mass
Mcal) in Jan 2006 (tcar), source discharge rate (Jcal) in Jan 2006, and mass depletion exponent (5).
Initial estimates of parameters for each source are given in Table 9.4. Values of Jcal, Mcal, and g
were calibrated for each source. To reduce the number of parameters, all sources were assumed to
have the same source release year calibrated with minimum and maximum dates of 1960 and 1980,
respectively. Reported estimates of source width were regarded as sufficiently accurate and were
not calibrated.

Since the effective (retarded) contaminant pore velocity is a linear function of darcy velocity,
porosity, and retardation factor, only one of these parameters may be calibrated. Since darcy
velocity is the most uncertain, we calibrate it and use best estimates of porosity (0.3) and
contaminant retardation factor (1.2). Additional aquifer parameters that were assumed known are
the aquifer saturated thickness (10 m), natural background ED concentration (1200 H-eq ppb), and
natural background electron acceptor (EA) concentration (2400 H-eq ppb). We assume the natural
background concentrations of ED and EA are stochastic with their log uncertainty of 0.1 during
Monte Carlo simulations. Other aquifer parameters that were calibrated are longitudinal
dispersivity, transverse-to-longitudinal dispersivity ratio, vertical-to-longitudinal dispersivity
ratio, first-order decay coefficients for contaminant and ED, and ED retardation factor.

Two additional calibrated parameters that control the efficiency of the ABB system are the H-
equivalents per mass of ED (f’ep) and the fraction of reductive dechlorination that follows a serial
pathway (Fserial) as described in Chapter 3. All parameters are characterized by lognormal
probability distributions. For lognormally distributed parameters, prior best estimates represent the
geometric mean of the variable and the standard deviation is the statistic for natural logarithm of
the variable (Sin). The 99% confidence limits for log-normally distributed variables range from
approximately exp(-3Sin) to exp(3Si) times the geometric mean. For example, the prior estimate
of Source 1 contaminant flux in 2006 has a geometric mean of 0.01 kg/d with a In standard
deviation of 1 indicating a 99% confidence range from 0.0005 to 0.2 kg/d. Prior best estimates of
all parameters and their In standard deviations are given in Table 9.4.
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Table 9.4. Parameter prior estimates and their uncertainty for Area 5.

Parameters Prior value!  STD? Reference
Site OT51 Mass in 2005 (kg) 2000 3.0 ORNL, 2008
(Source 1)  Source flux in 2005 (kg/d) 0.01 1.0 ORNL, 2008
Release date (y) 1980 - ORNL, 2008
Width (m) 45 - ORNL, 2008
Depletion exponent (-) 1.50 0.5
Source E Mass in 2005 (kg) 1000 3.0 ORNL, 2008
(Source 2)  Source flux in 2005 (kg/d) 0.005 1.0 ORNL, 2008
Release Date (y) 1980 - ORNL, 2008
Width (m) 45 - ORNL, 2008
Depletion exponent (-) 1.50 0.5
Site OT50 Mass in 2005 (kg) 1000 3.0 ORNL, 2008
(Source 3)  Source flux in 2005 (kg/d) 0.01 1.0 ORNL, 2008
Release date (y) 1980 - ORNL, 2008
Width (m) 45 - ORNL, 2008
Depletion exponent (-) 1.50 0.5
Site SS20  Mass in 2005 (kg) 3000 3.0 ORNL, 2008
(Source 4)  Source flux in 2005 (kg/d) 0.005 1.0 ORNL, 2008
Release date (y) 1980 - ORNL, 2008
Width (m) 45 - ORNL, 2008
Depletion exponent (-) 1.50 0.5
Aquifer Darcy velocity (m/d) 0.02 0.5 USGS, 2000
& AAB Porosity (-) 0.3 - USGS, 2000
system Contaminant retardation (-) 1.20 - Estimate from literature
ED retardation (-) 1.20 0.5 Estimate from literature
AL (m) 30 0.5 Estimate from literature
At/AL () 0.1 0.5 Estimate from literature
AVIAL (-) 0.01 0.5 Estimate from literature
TCE Decay (d}), Arce 0.0001 0.5 Estimate from literature
ED Decay (d™), Aep 0.00001 1.0 Estimate from literature
Fserial3 0.5 0.5 Assumed
feo (kg/kg)® 0.16 0.1 Chapter 3
Saturated thickness (m) 10 - USGS, 2000

L Prior values are initial best estimates representing the geometric mean for all variables

2 Standard deviations are for natural logarithms
3 Post-ED calibrations only
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Three different datasets were used to assess the effects of incremental model refinement using
additional data available over time (Table 9.5):

e Cal-1 uses data available through 2005 before commencing ED injection.
e Cal-2 adds additional monitoring well data and actual ED-injection data through 20009.
e Cal-3 adds additional monitoring well data and actual ED-injection data through 2016.

Initially, a “progressive” calibration approach was used in which Cal-2 was executed using Cal-1
posterior parameter estimates and uncertainties as Cal-2 priors, and Cal-3 was performed using
Cal-2 posteriors as Cal-3 priors on the grounds that each calibration would progressively improve
parameter estimates and narrow uncertainty. For reasons discussed below, this assumption proved
doubtful and an additional set of calibrations was performed in which Cal-2 and Cal-3 used the
same priors as Cal-1.

Table 9.5. Data sets collected in Area 5 for model calibration.

Calibration MW data period # data points AAB status.
Cal-1 1988 - 2005 46 not operating
Cal-2 1988 - 2010 339 operating
Cal-3 1988 - 2016 559 operating.
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Figure 9.3. Observed versus calibrated contaminant concentrations for: (a) Cal-1, (b) Cal-2
progressive, (c) Cal-3 progressive, (d) Cal-1, (e) Cal-2 fixed priors, and (f) Cal-3 fixed priors.
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Scatter plots of observed versus predicted concentrations, along with correlation coefficients and
residual regression uncertainty for calibrations using progressively updated and fixed priors are
shown in Figure 9.3. Relatively low scatter for Cal-1 results (Figure 9.3a) suggests Cal-1
parameters are reasonably accurate. However, limited deviations between observed and predicted
values for Cal-1 may be misleading because the number of calibration data points (46) is only 2.7
times the number of calibrated parameters (17). Ratios of 5 or more are generally desirable for
nonlinear regressions. Model deviations increase significantly as the number of data points
increases to 339 for Cal-2 and 559 for Cal-3. In part, this may simply reflect an increase in outliers
due to the much larger sample size. However, it may also reflect greater variability in
measurements induced by ED injection in 12 injection galleries at rates that vary spatially and
temporally.

With progressive refinement of priors, the Cal-3 regression pegged the estimate for Source 1
(OT51) Bat its upper confidence limit (prior best estimate minus 3Sin), indicating prior estimates
and/or Sin values are not accurate. This does not occur when initial prior estimates are used for all
calibrations. Furthermore, the correlation coefficient for Cal-2 increases from 0.35 for
progressively updated priors to 0.58 with fixed priors, and Cal-3 correlations increase from 0.39
to 0.60. Therefore, we conclude that calibration results with fixed prior estimates are more reliable
than those using progressive refinements for this data set. Parameter estimates and their uncertainty
for calibrations with fixed priors are summarized in Table 9.6.

Table 9.6. Summary of Area 5 calibration results using fixed prior estimates. “Best” values are
calibration estimates and STD is the concentration In standard error for the regression.

Parameters Cal-1 Cal-2 Cal-3
Best STD Best STD Best STD
Mean (k) 2151 1.00 7 0.13 2 0.27
Mecaiz (kQ) 497 0.88 509 1.00 453 1.00
Mecais (k) 436 0.98 22 0.75 27 0.55
Mecais (kQ) 209 0.87 111 0.76 28 0.75
Jeann (Kg/d) 1.93E-03 0.44 1.57E-03 0.27 2.25E-03 0.30
Jeaiz (kg/d) 6.93E-02 0.48 2.16E-03 0.33 2.35E-03 0.23
Jeais (kg/d) 1.67E-02 0.69 5.83E-03 0.34 7.52E-03 0.25
Jeaia (kg/d) 6.83E-02 0.61 2.39E-02 0.33 1.08E-02 0.39
B1 1.66 0.50 1.47 0.11 0.99 0.03
B2 1.00 0.46 1.38 0.50 1.51 0.50
Bs 1.48 0.50 1.02 0.33 1.13 0.23
Ba 1.00 0.32 1.00 0.35 1.00 0.21
Arce (1/d) 7.72E-04 0.21 5.25E-04 0.13 7.61E-04 0.07
Aep (1/d) - - 9.36E-06 1.00 9.75E-06 1.00
qw (m/d) 0.006 0.26 0.0077 0.0878 0.0103 0.0907
AL (m) 11 0.39 17 0.28 19 0.26
AT/AL 0.254 0.22 0.099 0.31 0.062 0.29
AvIAL 0.005 0.47 0.003 0.41 0.002 0.39
Feerial - - 0.252 0.44 0.186 0.45
f'eo - - 0.171 0.10 0.146 0.07
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9.3 Remediation performance assessment and optimization

There are 12 ED injection galleries (i.e., PICTs) in Area 5 located as shown in Figures 9.1 and 9.2.
The remediation objective is to reduce dissolved plume concentrations below 500 ug/L per
regulatory agreement. For purposes of optimization, we designate five monitoring wells (DM3513,
DM3515, MW214, DM3509, DM3315) distributed over the dissolved plume as compliance
monitoring locations. Since there is large uncertainty in the contaminant mass remaining in the
DNAPL sources, the duration that ED will need to be injected is uncertain. Therefore, we use an
adaptive method based on real-time field data to make termination decisions for individual
galleries. As discussed in Chapter 3, we assume each injection gallery and associated performance
monitoring location immediately upgradient, and in some cases also downgradient. When the
measured performance well contaminant concentrations are less than a specified value, Cebstop,
further injection is terminated. This protocol allows each PICT to be terminated independently.

In practice, ED injection will be intermittent to minimize pore clogging, e.g., injection may occur
a limited number of hours per day or be cycled on and off for months at a time. Such operations
will cause fluctuations in ED concentrations near the ED gallery, which will attenuate with
distance depending on the cycle duration and groundwater velocity. With the low groundwater
velocity in Area 5, such fluctuations will be minor, so we opt to model ED injection as a continuous
process. Therefore, ED injection rates are regarded as time-averaged values taking into
consideration cycling on and off. Specifically, we assume each PICT will operate one month per
year, so modeled average ED injection rates are 1/12" of the rate during actual operation.

All 12 PICTs are assumed to have performance monitoring wells immediately upgradient (in
practice, one or more of the actual injection wells can be monitored several months after the last
injection period). For PICTs immediately upgradient of compliance monitoring wells, the
downgradient compliance well is also regarded as a performance monitoring well.

The specific criteria used to achieve site-wide “no further action” (NFA) status are (Chapter 3):

1. The 95% upper confidence limits of current contaminant concentration for each
compliance well, determined from a regression of measured concentration vs time over a
5-year lookback period, must be less than the cleanup level (Cnta = 500 ug/L), and

2. ED injection needs to have terminated for all galleries.

During optimization, to achieve concentrations below 500 ug/L at all compliance wells as soon as
possible, we impose a “penalty cost” (Table 9.7) to any Monte Carlo realization for which
condition 1 is not met after a penalty date tpenaity 0f 2021 (computed based on the max travel time
from injection galleries to the nearest downgradient compliance well). The penalty cost is also
applied if NFA criteria are not met by a maximum date taken as 2300.

Individual galleries are allowed to terminate when

1. The current contaminant concentration in a performance monitoring well immediately
upgradient of the gallery is less than a specified value (Cebstop < Chnfa,),

2. All galleries upgradient of the one in question have previously terminated injection, and

3. For galleries that are the closest upgradient to a compliance well, the respective compliance
well concentration must be less than Chta.
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All simulations used an ED stochiometric coefficient (f’ep) of 0.156, estimated from Table 3.1 as
the average of lactate and EVO, and a stochiometric coefficient for TCE (f"1ce) of 0.051, also from
Table 3.1. Unit operating costs are summarized in Table 9.7. Total costs were computed using a
discount rate of zero.

Table 9.7. Summary of cost variables used in optimization.

Cost Description Value

ED capital cost Construction cost per width $500/m

ED operating costs Cost per gallery width $75/mlyear
Other op costs $120,000/year

Site-wide op cost Monitoring and reporting $150,000/year

Penalty cost “Cost” for non-compliance $10°

9.3.1 Simulations based on actual ED injection rates

For comparison with optimized design results, performance of the actual system at the site was
simulated using actual ED injection rates employed at the site from 2006 to 2016. Injection in all
galleries was modeled with a constant injection rate corresponding to the time-average of actual
rates over the period of record (Table 9.8). Unoptimized Monte Carlo simulations were performed
using actual average injection rates with site parameters for each of the three model calibrations:

e NoOpt-actual-1: actual injection rates with Cal-1 model parameters
e NoOpt-actual-2: actual injection rates with Cal-2 model parameters
e NoOpt-actual-3: actual injection rates with Cal-3 model parameters.

Table 9.8. ED injection rates (Jep) and injection gallery termination criteria (Cebstop) for
non-optimized and optimized cases. Opt-2 values apply after 2010 and Opt-3 values after 2016.

Actual NoOpt Optl Opt2 Opt3
Jep Cepstop  JeD Cepstop Jep Cepstop  JeD Cepstop  JeD Cepstop
Gallery kalyr  ug/lL  kglyr  ug/L kalyr  ug/L  kaglyr  ug/lL  kglyr  ug/L
PICTO1 4.0 500 7.7 500 - - - - - -
PICT02 6.9 500 77.0 500 - - - - - -
PICTO3 7.3 500 46.0 500 - - - - - -
PICTO03a 1.8 500 23.0 500 - - -

PICTO4 8.8 500 46.0 500 208.4 291 95 4 9.5 4
PICTO05 9.1 500 30.7 500 67.2 500 7.3 4 6.2 4
PICTO6 2.2 500 15.3 500 47.8 36 50.0 8 2.9 8

PICTO6f 8.0 500 15.3 500 - - -
PICTO7 3.7 500 30.7 500 - - - - - -
PICTO08 5.8 500 15.3 500 20.1 177 13.1 16 3.7 12
PICTO9 4.7 500 61.7 500 - - - - - -
PICT10 8.4 500 2.9 500 0.7 225 1.1 20 11 16
Total 71 372 344 81 23
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9.3.2 Simulations based on contaminant flux-derived ED injection rates

Again, for comparison with optimized design results, performance was evaluated for a system
using ED injection rates estimated from a reaction mass balance as

J ED — qACanaHx f'I:CE / fI;D (9.1)

where Jep is the average darcy velocity, A is the vertical cross-section area of the plume estimated
to be 689 m?,C! is the maximum measured total chlorinated solvent concentration near the ED

gallery prior to initiating ED injection, and f’ep and f“rce are as discussed above. Calculated Jep
values are summarized in Table 9.8. Unoptimized Monte Carlo simulations were performed using
flux-based injection rates with parameters for each of the three model calibrations:

e NoOpt-flux-1: flux-based injection rates with Cal-1 model parameters.
e NoOpt-flux-2: flux-based injection rates with Cal-2 model parameters.
e NoOpt-flux-3: flux-based injection rates with Cal-3 model parameters.

All PICTs are assumed to operate in the same manner described for simulations using actual
average injection rate.

9.3.3 Optimized design simulations

Optimization was performed to refine design variables with the objective of meeting remediation
criteria with minimum expected (probability-weighted average) total cost. Design variables to be
optimized were ED injection rates (Jep) for each ED gallery and the termination criteria (Cep stop)
for each gallery at upgradient performance monitoring well locations subject to the constraint that
Cep stop cannot exceed the site cleanup requirement (500 ug/L). Cep stop Values for PICTs with
downgradient performance monitoring wells (corresponding to site-wide compliance wells) were
fixed at 500 ug/L (not optimized) to ensure that site-wide cleanup criteria were met. Any gallery
with an optimized injection rate less than 0.36 kg/yr was assumed to be inactive, the rate set
internally to zero, and no operating costs applied for that gallery.

Three optimization simulations were performed corresponding to the three calibration analyses:

e Opt-1 optimized Jep and Cep siop Values for all PICTs using Cal-1 model parameter
estimates and their uncertainty based on field data through 2005 for remediation to be
initiated January 2006 and to operate until remediation criteria were met or tpenaity xceeded.

e Opt-2 used Cal-2 model parameters and their uncertainty estimated using data through
2009 and assumes the Opt-1 design was implemented January 2006 and operated through
2009. New operating parameters were optimized for remediation to be initiated January
2010 and to operate until remediation criteria were met or tpenaity €xceeded.

e Opt-3 used Cal-3 model parameters and their uncertainty estimated using data through
2016 and assumes the Opt-1 design was implemented January 2006 and operated through
2009, followed by the Opt-2 design from 2010 through 2016. New operating parameters
were optimized for remediation to be initiated January 2016 and to operate until
remediation criteria were met or tpenaity exceeded.
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9.3.4 Results

Expected (mean) cost-to-complete and date-to-complete with 5% and 95% cumulative probability
values are shown in Table 9.9 and Figure 9.4 for each unoptimized and optimized remedial design
and each set of calibrated parameters. For a given design, uncertainty in costs and completion dates
decreased sharply with longer calibration data sets from Cal-1 to Cal-3. Expected costs and
completion dates also decreased with longer calibration data sets for a given design. This
emphasizes the importance of periodic recalibration, assessment and optimization to update
performance estimates and evaluate the need for design adjustments.

Although ED injection rates for the NoOpt-flux case averaged about five times higher than those
for NoOpt-actual, the estimated cost-to-complete was only 1% lower and remediation duration
only 2 years earlier based on the final calibration (Cal-3), which produced simulations with low
uncertainty. Stochastic optimization, in contrast, predicted large performance improvements.
Stepwise optimization yielded a 30% expected cost reduction and a 19-year shorter
remediation duration compared to the actual site design. Most of this improvement was
obtained with the first-stage optimization (Opt-1 design). However, Opt-2 and Opt-3 design
adjustments added 3% to Opt-1 cost savings and decreased the expected remediation
duration additional 6 years (Opt-1 with Cal-3 vs. Opt-3 with Cal-3).

Optimization performance improvements were achieved by deploying only 5 of the 12 potential
injection galleries, injecting at high rates initially, decreasing rates at later times, and shutting
individual galleries off early when performance monitoring wells for the gallery met defined
criteria (Table 9.8).

Table 9.9. Expected cost-to-complete and date-to-complete with 5 and 95% cumulative
probability confidence limits for each remedial design and set of calibrated parameters. Bold
values are best design performance estimates for optimized and unoptimized cases.

Cost-to-complete, $million Completion date
Design Calibration 5% LCL Mean 95% UCL 5% LCL  Mean 95% UCL
NoOpt-actual Cal-1 59.8 85.2 168.5 2047 2089 2232
NoOpt-actual Cal-2 62.8 68.3 89.2 2055 2070 2131
NoOpt-actual Cal-3 62.8 63.4 66.5 2055 2057 2066
NoOpt-flux Cal-1* 58.4 83.0 166.9 2047 2087 2232
NoOpt-flux Cal-2 62.8 63.2 65.0 2055 2056 2058
NoOpt-flux Cal-3 62.8 62.8 63.0 2055 2055 2055
Opt-1 Cal-1* 51.7 59.1 75.8 2027 2040 2054
Opt-1 Cal-2* 50.4 515 52.3 2032 2036 2039
Opt-1 Cal-3* 49.7 50.4 51.1 2030 2032 2034
Opt-2 Cal-2 51.0 52.0 55.3 2037 2040 2052
Opt-2 Cal-3 51.0 51.2 52.2 2037 2037 2042
Opt-3 Cal-3 48.9 48.9 49.0 2038 2038 2038

* PICT3a and PICT6f are not included (constructed after 2006)
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Figure 9.4. Cost- and date-to-complete expected value and range
for each remedial design and set of calibrated parameters.
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10. Application to Atlas Missile Site 11

10.1 Overview

Atlas 11 is a former Atlas E missile site in northeastern Colorado that was operated by the Air
Force from 1960-1965 and was decommissioned in 1966 when ownership was transferred to
Colorado Engineering Experiment Station, Inc. (USACE 2014). Operations at Atlas 11 involved
use of TCE to clean up residual rocket fuel. Waste solvent was drained to a sump, which discharged
to the ground surface. A site investigation in 1998 identified TCE to be the primary contaminant
of concern (COC) contamination with concentrations up to 1000 pg/L in a perched aquifer
approximately 50-60 ft below grade in southern and southeastern portions of the facility and
adjacent off-site property (Figure 10.1). No evidence of DNAPL was reported.

Due to variations in the elevation of the underlying low permeability layer, the perched water
thickness varies from 0-22 ft with flow generally towards the southeast at a velocity of about 40
ft/yr. Contamination extends off site to the south and east of the property. Remediation
investigations and feasibility studies have been conducted at the site resulting in selection of ISCO
using sodium permanganate with pairs of injection and extraction wells. Additional
characterization was undertaken to design and implement the ISCO system, including further soil
and groundwater sampling, an aquifer pump test, and a bench-scale treatability study. A field pilot
study was conducted in 2012 and expanded in 2013 with full-scale operations commencing in 2014
(Arrowhead 2015a,b,c; USACE 2015).

LEGEND

S— INITIAL WELL PAIRS
SOIL BORINGS
PERFORMANCE WELL
INJE CTION WELL- ZONE 1
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EXTRACTION WELL
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ND NOTDETECTED
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Q MONITORING WELLS
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Figure 10.1. Distribution of TCE in perched aquifer at Atlas 11 site and well locations.
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Average perched zone hydraulic conductivity was estimated to be 16.4 ft/d. With a natural gradient
of 0.004 and an effective porosity of 0.2, the unretarded pore velocity under natural conditions is
estimated to be about 0.33 ft/d. Planned oxidant injection rates were 2.0 - 2.5 gpm. The gradient
between injection and extraction wells separated by 25-50 ft is estimated to be about 0.067,
yielding an unretarded pore velocity of 5.5 ft/d during injection. Unretarded travel times over a 50
ft distance are accordingly about 150 days under natural gradient conditions and 9 days during
oxidant injection.

Bench tests with various amounts of NaMnO, added to soil samples from the site indicated the
total oxidation potential to be less than 2000 mg NaMnQg4 per kg soil, which may be fully oxidized
by addition of one pore volume of 5000 mg/L NaMnOasolution. NOD measurements do not appear
to have been made, but total organic carbon in soil samples was determined to be 0.34%. The plan
is to inject oxidant in an injection well at a concentration of about 5000 mg/L and to maintain
recirculation until the system is shut down for winter, then restart as necessary in the spring.

Oxidant injection has been undertaken with several well pairs in the most highly contaminated
areas, which pushed aqueous concentrations below the MCL. However, some monitoring wells
have rebounded by 100 to 300 ug/L. This may reflect small isolated amounts DNAPL, or more
likely aqueous or adsorbed contaminant in low permeability pockets.

The Atlas site was identified in late 2015 as a potential demo site for the Stochastic Cost
Optimization Toolkit (SCOToolkit). Objectives of the demo site exercise were two-fold: (1) to
evaluate historical and projected performance of remedial actions at the site and provide
suggestions to improve performance and/or reduce costs, and (2) to field test SCOToolkit to
evaluate its practical application for ISCO design optimization.

10.2 Historical ISCO Operations

A pilot test conducted in 2012 involved sodium permanganate (NaMnOQs) injection in application
wells (AW) with concurrent groundwater extraction in downgradient extraction wells (EW).
Effluent from EW was reinjected in AW with additional oxidant. Oxidant injection/recirculation
was performed for about 2.5 months in late summer 2012 with quarterly monitoring under natural
gradient conditions through the following summer.

Oxidant was introduced in the original pilot test wells again in summer 2013 along with three
additional injection-extraction well pairs (Table 10.1). Five new well pairs were operated in 2014,
with no further injection in previous treatment zones. In 2015, two of the 2014 well pairs plus 13
new well pairs were operated. Six previous well pairs and five new pairs were operated in 2016.
The duration of summer injection-recirculation 