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ABSTRACT

Predicting the dissolution rates of immiscible contaminants in groundwater is crucial for
developing environmental remediation strategies, but quantitative modeling efforts are inherently
subject to multiple uncertainties. These include unknown residualrashof noraqueous phase
liquids (NAPL) and source zone dimensions, inconsistent historical monitoring of contaminant
mass discharge, and the mathematical simulation ofdiedte mass transfer processes. Effective
methods for simulating NAPL dissolutianust therefore be able to assimilate a variety of data
through physical and scalable mass transfer parameters to quantify and redgpecsie
uncertainties. This investigation coupled upscaled and numerical mass transfer modeling with
uncertainty aalyses to understand and develop gesimilation and parametscaling methods

for characterizing NAPL source zones and predicting depletion timeframes.

Parameters of key interest regulating kinetic NAPL persistence and contaminant fluxes are residual
mass and saturation, but neither can be measured directly at field sites. However, monitoring and
characterization measurements can constrain source zone dimensions, where NAPL mass is
distributed. This work evaluated the worth of source zone delineattdiasolution monitoring

for estimating NAPL mass and mass transfer coefficients at multiple scales of spatial resolution.
Mass transfer processes in controlled laboratory and field experiments were analyzed by
simulating monitored dissolvgghase concerdtions through the parameterization of explicit and
lumped system properties in volurageraged (VA) and numerical models of NAPL dissolution,
respectively. Both methods were coupled with uncertainty analysis tools to investigate the
relationship betweemlata availability and model design for accurately constraining system

parameters and predictions. The modeling approaches were also combined for reproducing



experimental bulk effluent rates in discretized domains, explicitly parameterizing mass transfer

coefficients at multiple grid scales.

Research findings linked dissolvptiase monitoring signatures to model estimates of NAPL
persistence, supported by source zone delineation data. The accurate characterization of source
zone properties and kinetic disstion rates, governing NAPL longevity, was achieved by
adjusting model parameterization complexity to data availability. While multistage effluent rates
accurately constrained expliptocess parameters in VA models, spatiaflyying lumped
process paraeters estimated from late dissolution stages also constrained unbiased predictions of
NAPL depletion. Advantages of the numerical method included the simultaneous assimilation of
bulk and highresolution monitoring data for characterizing the distribubioresidual NAPL mass

and dissolution rates, whereas the VA method predicted source dissipation timeframes from
delineation data aloné&dditionally, comparative modeling analyses resulted in a methodology
for scaling VA mass transfer coefficients to slate NAPL dissolution and longevity at multiple

grid resolutions. This research suggests feasibility in empirical constraining of kprgussss
parameters by applying VA concepts to numerical mass transfer and transport models, enabling

the assimilation fomonitoring and source delineation data to reducesgieific uncertainties.
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GENERAL AUDIENCE ABSTRACT

Predicting the dissolution rates of immiscible contaminants in groundwater is crucial for
developing environmental restoration strategies, but quantitative modeling efforts are inherently
subject to multiple uncertaintie$hese include unknown mass andhdnsions of contaminant
source zones, inconsistent groundwater monitoring, and the mathematical simulation of physical
processes controlling dissolution rates at field scales. Effective simulation methods must therefore
be able to leverage a variety of adhrough ratdimiting parameters suitable for quantifying and
reducing uncertainties at contaminated sites. This investigation integrated mathematical modeling
with uncertainty analyses to understand and developdistan approaches for characterizing

contaminant source zones and predicting dissolution rates at multiple measurement scales.

Parameters of key interest regulating the lifespan of source zones are the distribution and amount
of residual contaminant mass, which cannot be measured direcflgldh sites. However,
monitoring and site characterization measurements can constrain source zone dimensions, where
contaminant mass is distributed. This work evaluated the worth of source zone delineation and
groundwater monitoring for estimating coniaant mass and dissolution rates at multiple
measurement scales. Rditaiting processes in controlled laboratory and field experiments were
analyzed by simulating monitored groundwater concentrations through the explicit and lumped
representation of syste properties in volumaveraged (VA) and numerical models of
contaminant dissolution, respectively. Both methods were coupled with uncertainty analysis tools
to investigate the relationship between data availability and model design for accurately
constraning system parameters and predictions. The approaches were also combined for

predicting average contaminant concentrations at multiple scales of spatial resolution.



Research findings linked groundwater monitoring profiles to model estimates of contaminan
persistence, supported by source zone delineation data. The accurate characterization of source
zone properties and contaminant dissolution rates was achieved by adjusting model complexity to
data availability. While monitoring profiles indicating medéite contaminant dissolution
accurately constrained expliptocess parameters in VA models, spatiallyying lumped
parameters estimated from late dissolution stages also constrained unbiased predictions of source
mass depletion. Advantages of the nuoarmethod included the simultaneous utilization of
average and spatiatiyetailed monitoring data for characterizing the distribution of contaminant
mass and dissolution rates, whereas the VA method predicted source longevity timeframes from
delineationdata alone. Additionally, comparative modeling analyses resulted in a methodology
for scaling estimable VA parameters to predict contaminant dissolution rates at multiple scales of
spatial resolution. This research suggests feasibility in empirical comsgraof lumped
parameters by applying VA concepts to numerical models, enabling a comprehenstivedata

methodology to quantify environmental risk and support groundwater cleanup designs.



Acknowledgements

| am profoundlygrateful to Dr. Mark Widdowson, my doctoral advisor and professional mentor.

Thank you for providing me with a unique opportunitydontributingto the field of groundwater

modeling and remediation, meticulously guiding me throughout this challengthgeesarding

endeavor My deepest gratitude al so goealvisborandDr . L |
mentor as well. | have been extremely privileged by collaborating and learning closely from such
creative and talented professionals.

Many thanks t®r. Stanley Grant and to Dr. Thomas Burbey, members of my doctoral committee.
Their valuable insights helped guide my research direction. | very much enjoyed taking their
guantitative modeling classes, which were central to my doctoral program.

| would like to recognize Dr. John Doherty and Dr. Jeremy White, authors of PEST and PEST++
software. These tools were instrumental in answering many of my research questions. Thank you
for consistently responding to my conceptual and implementation inquiries.

Thank you to Dr. Eduardo Menddit for your assistancevith model output settingsand Dr.
Michael Mobile for helping me get started on model calibratiokewise, thank you to Milko
Maykowskyjand Alec Flint for helping me set up remote desktop access and for troubleshooting
parallel computing issue¥hanks to your help | was able to accomplish modeling tasks critical to
my research work.

| would like to thank the Environmental Security Teolugy Certification Program (ESTCP),
hostedoy the U.S. Department of Defense (DoD). The ESTCP provided the majority of the funding
that supportedny dissertation work, which included participating at scientific conferences.

Thank you to my parents RamPBrieto and Norka Estrada, your encouragement and unconditional
support have been vital during these difficult years. You have motivated me to persevere in my
professional endeavors despit®t seéng each otherfor many years while dealing with
complicatedeconomic political, and healtrcircumstancesAlso, many thanks to my friends for

your support from within and outside the U.S. Despite the physical distance, having close family
and friends have made this doctoral journey even more watid ienjoyals.

Thank you all!

Vi



Table of Contents

Chapter 1. Introduction and AtrDULION ..........oooiiiiiiiiiieeee e 1
] (=T €= o= USSP 6
Chapter 2. Quantifying DNAPL source zone longevity with upscaled modeling: practical
insights from flow-cell experiments and uncertainty analySes............ccccoveiiiiiiienneeeeeenns 10
2.0 AUTNOTS. ...ttt ettt ettt et e e e e e e e e e e et e e e e e e e e e e e e aa e 10
2.2. KEY POINLS.. ..ottt e e e e e e e mre e e s e e e e e e e e e e e eeee e s nnnraeeaeeaaeeeeenrennes 10
2.3 ADSTIACT. ...t ———— 10
2.4. Plain Language SUMMEAIY.......cciieiieeeeeeeeiiieeeie e e e e e e e e e e e eeeeeeesaaasmnneeeeeeeeeeesassssnnn i nn 11
2.5 KBYWOIUS. ...ttt ettt ettt e e eeee ettt e et e e e e e e e e e e e e e e s s amme e e e e e e e e e e e e e e a 12
Y20 T [ 10T [ Tod 1 o] o S 12
2.7. Upscaled and Volurm@&veraged Model of DNAPL Dissolutian.............cccccvvveeeiiieanee. 14
2.7.1. Simulation of DNAPL Dissolution EXPBYENTS............uuveriiiiiiiiiiiieeriiieeecceeeeeeenn 16
2.7.1.1. Mixed DNAPL ArChIitECIULE .........uuiiiiiiiiiiiiiiieeeiiiiiieee e 16
2.7.1.2. Multiple DNAPL accumulations in Heterogeneous.Soil..........cccccoeeeiieeeeees 17
2.7.2. SENSILIVILY ANAIYSIS.....uuuiiiiii e eeeeee e 18
2.7.2.1. Sensitivities with respt to TCE discharge concentrations.......................... 18
2.7.2.2. Sensitivities with respect t0 TOR.........coooiriiiiiiiiiiee e 19
2.7.3. UNCertainty ANAIYSIS........eeiiiiiiiiiiiiie ettt mmne e 19
2.7.3.1. Linear AnalysiS MethOdS........cccuuiiiiiiiiiiiieee e 20
2.7.3.1.1. Relative paranse uncertainty variance (RUVR) reduction................... 21
2.7.3.1.2. Prior and posterior parameter contributions to predictive uncertainty22
2.7.3.1.3. DatAVorth ANAlYSIS..........uuuuiiiiiiiiee e eeeer e 22
2.7.3.2. Nonlinear Analysis MethQds...............uuuuuiiiiccceeee e 22
2.8. RESUILS @Nd DISCUSSION......ceiiiiiiiieieeeii et e e e e enne e e e e e e esannnnns 23
2.8.1. SenSItiVILY ANAIYSIS......coouuiiiiiiii e — 23
2.8.2. LIN@AI ANGAIYSIS.....ciiiiiiiiiieie e 26
2.8.2.1. Relative Parameter Uncertainty Variance Reduction................cccceeeeuveeee. 26
2.8.2.2. Prior and posterior parameter contributions to predictive uncertainty.......28
2.8.2.3. DataVorth ANAIYSIS........couiiiiiiiiiei e 30
2.8.3. Nonlinear Uncertainty ANAIYSIS........ccuuuiiiiiiiiiiiieiie e es et e e eevsmmme e eeeens 32
RS I o] o [od [F ] o] o =3P 36



2.10. ACKNOWIEAQEMENTS. ... uii it et eeee et e e e e e e e ememrnnnnes 37

2.11. Data Availability StatemMent...............uuviuiiiiicreeee e 38
RETEIEINCES . .. ittt 38
Chapter 3. Numerical modeling and dataworth analysis for characterizing the
architecture and dissolution rates of a multicomponent DNAPL source................cc........ 43
TNt U 1 T TS SSRRRRPP 43
3.2, KBY POINES....ciiiiiiiiiiiiiiiie ettt e e s e e e e e e e e aanea e s s s s e e e e e eeeeaeeeeeeesannneeeeeaaeeeeeeenrnnnes 43
G TR T Y o1 1 = T PP 43
3.4. Plain Language SUMMAIY........ccceeeeiiiiiiiiiieeeieeeeeeeeeeeeeeeeessnnnnsimmmeeeeseeessssnssnnnnnn e ens 44
G T (=) VATV 0] o £ O 45
BT [ o1 (oo [FTox 1 o] o PP PP PP PPPPPPPPPPRRY” 1
3.7. Materials and MethOdS...........uuiiiiiiiiiii e 48
3.7.1. Overview of Field Experiment of Multicomponent DNAPL Dissolutian........... 48
3.7.2. Numerical Modeling of Groundwater Flow and Contaminant Transport......... 50
3.7.3. Parameter Estimation and Uncertainty Quantificatian................ccccoeeerriiennens 56
3.7.4. DAtalWorth ANAIYSIS.......eeiiiiiiiiiieiiee e 58
3.8. RESUILS aNd DiSCUSSIONL.....ceeveeiiiiriiiniiimmeeeeeeeenennaaa e s e e e e e snenssnnssaaaeeeeeeeeeeaeeeeennneens 59
3.8.1. Parameterdiimation and Uncertainty Quantification................c.cccceivcevvvninnnnns 59
3.8.2. FOSMANAIYSIS RESUILS......uuuiiiiiiii e eeeeeeee e a9
3.8.3. Analysis of DNAPL Mass DepIetion.............ouuuuuuuiiiiccreeeeeeeiiiiise e e eeeeninnes 73
3.8.4. Limitations and AREINALIVES. .........uuiiiiiiiiiee e eeee e 74
G T o ] o (1] o 3 OUUPPRRRY 4.+
3.10. ACKNOWIEAGEIMENIS......uiiiiiiiiiiiiiiie ettt e s 76
3.11.Data Availability StAtE€MENL...........oooiiiiiiiii e 76
] (=] €= o= P 76
Chapter 4. Scaling of DNAPL Dissolution Rates: Numerical Modeling Analyses........... 83
I =V = 11 ] €=U 83
Y 0111 =T od S PP TRTT 83
4.3. Plain Language SUMMAIY........ccuuuuiieeiieeiimmeeieeeeeeeaitseesesesimmmsesssaaeesessssnneeeesenn 84
O =YV 0] (o PP PPPPPPPPP 84
TR 1 11 o o 15 1) o 85
4.6.Numerical and Voluméveraged Modeling of DNAPL Dissolution.......................... 89
4.7. Applications of DNAPL Dissolution Modeling.............ccevviiiiiiieemiiieiniin 91

viii



4.7.1. FIOWCEI EXPEIIMENTS....ceiiiiiiiiiiiiiiee e e e ceeetiiiiss s s e e e e e e e e e e e eeeanensseeeeeeeaeeeeeeeennnnnnnnd 92

4.7.2. VolumeAveraged Modeling of FlovCell EXperiments................vvviiiiisicecennnnnnnd 93
4.7.3. Numerical Modeling of FIovZell EXperimentS.........cccceeeeeeeiviivieeeie e 95
4.7.4. Comparative Modeling ANAIYSES..........uuiiiiiiiiiiiiieeeie e 98
4.8. RESUItS QN0 DISCUSSION .....uuvuuuuuiiesee e e e eeeetiiiaaaaa s e e e e e e eeeeeeeeinnnseeeeeeeeaeeeeeeesssnnnnnmmneees 99
4.8.1. Numerical Discretization of Bulk Mass Transfer Coefficients......................... 99
4.8.2. Scaling of Bulk Mass Transfer CoeffiCientsS............ooovviiiiiaeces 101
4.8.3. Inverse Numerical MOdeling...........oovvviiiiiiiiiemre e 106
e T O] o T 11 153 o] TP PPPPPPI 108
4.10. ACKNOWIBIGMENTS. ... ..iiiiiiie e e s eernnnan 110
4.11. Data Availability Statement...........ccoooeii i 110
] (=] €= o = S SSSR 111
Chapter 5. CONCIUSIONS.........uuuiiiiiiiiiiii et nnne e 117
5.1. Recommendations for Future Research and Development................cccceeeiiennee 121
Y o] 01T 06 [0l 2SO PP 123
Appendix A: Supplemental Information to ChapBer..............uvvvviiiiiiicceeeeee e, 124
Appendix B: Supplemental Information to Chapter.4..............coooviiiiieeeiiiee e, 127
Appendix C: Model Calibration...............ooooiiiiiiiieeee e 137
Appendix D: History Matching and Nonlinear Uncertainty Analysis.............cccccuuvueee. 157



List of Figures

Figure 1-1. lllustration of mass discharge (MD) and mass flux (J) measurement concepts. The sum
of J [M T-1 L-2] measurements over a given area perpendicular tiotegradient Darcy flux q
[L T-1] direction is equivalent to the MD rate [MIJ] at a monitoring transect...................... 2

Figure 1-2. Schematic of DNAPL source zone (adapted from Kueper et al. 2013)............ 3

Figure 2-1. Conceptual and volurmaveraged model representations (a and b, respectively) of a
DNAPL source zone comprised by characteristic accumulations of (c) residual ganglia and (d)
pools. Adapted from Stewart et al. (2021..........uuiiiiieiie e 15

Figure 2-2. Model conceptualizations of the fleeell experiments: (a) mixed source zone

architecture and (b) heterogeneous source zone-v@uimes (purple rectangles) correspond to

DNAPL accumulations with distinct saturations encompassed by the source volumpke (pur
dashed line). Adapted from Stewart et al. (2021).......cccveviiiiiiiiiiieireeeee e 17

Figure 2-3. Sensitivity coefficients with respect to source discharge concentrations measured in
the fAmi xed architectureo experi.ment..ands with

Figure 2-4. Sensitivity coefficients with respect to source discharge concentrations measured in
the fAiheterogeneous architectureo ex.p.er.Pbment a

Figure 2-5. Relative uncertainty variance reduction of VA model parameters of mixed experiment.

Figure 2-6. Relative uncertainty variance reduction of VA model parameters of heterogeneous
(23 o= 111 0 T=T oL ST SSPPPPPPPPPP 28

Figure 2-7. Prior and posterior parameter contributions to TOR uncertainty in the mixed
L2301 11 =T | USRS 30

Figure 2-8. Prior and posterior parameter contributions to TOR uncertainty of heterogeneous
(23 o= 111 0 T=T oL ST OPPPPPPPPPP 30

Figure 2-9. Worth of monitoring data for constraining TOR uncertainty of the mixed experiment
shown in Figure 2a: a) Decrease in prior uncertainty with addition of individual TCE
concentrations. The filled data points highlighe greatest information content for reducing prior
TOR uncertainty. b) Increases in posterior uncertainty with data removal. Points A, B, C show
DNAPL depletion images measured by DiFilippo et al. (2010)...........cccccvvviiimmmriiiiiinns 31

Figure 2-10. Worth of TCE dissolution measurements for reducing TOR uncertainty of the
heterogeneous experiment shown in FiguBb2a) Decrease in prior uncertainty with addition of
individual historymatching constraints. The filled data points highlight the gseatéormation
content for reducing prior TOR uncertainty. b) Increases in posterior uncertainty with data loss.
Points A, B, C show the DNAPL depletion measured by DiFilippo et al. (2010).............. 32



Figure 2-11. Prior and posterior TOR PDFs of mixed experiment. Posterior A and B were
estimated by historynatching TCE concentrations through day 11.7 and 20 (Figt@),2
S oL 1)Y= APPSR P PPPPPPPPPPP 33

Figure 2-12. Posterior DNAPL saturation distributions of each DNAPL accumulation in the 4M,
3M, and 2M VA models of the heterogeneous experiment............ccccoevvvieeeeeii e eeeeeeeee, 34

Figure 2-13. Prior and posterior TOR PDFs of the heterogeneous experiment conceptualized by
2,3, and 4 DNAPL aCCUMUIALIONS. ... ...uiiiiiiiiei et e e s e et e e e ea e eaaeees 34

Figure 2-14.Posterior model ensembles of the heterogeneous experiment corresponding to (A) 4,
(B) 3, and (C) 2 DNAPL aCCUMUIALIONS.........uuuuruiiiiee s ceeereiiiiss s e e e e e e e e e e e asaeeess e e e e e aaeaaeeeens 35

Figure 2-15. Probability density functions of TOR approximated with 2M and 3M models of
heterogeneous experiment. Posterior A and B PDFs were estimated from partial TCE monitoring
profiles through day 14 and 20, reSPeCtVElY..........uuuiiiiiii i 36

Figure 3-1. Configuration of aquifer test cell. (a) Plan view indicating the location of the
groundwater injection/extraction systems, NAPL release point, and MLS nests. (by€cbsral
view of the MLS transect indicating the average depth of the water talded® m (Broholm et

al., 1999) and the approximate SOUICe ZONE EXIENL............uuuuuurmmicccreeeeererrenninnaeeeeeeeeenees 49

Figure 3-2. Overview of discretized aquifer test cell. (a) Plan view of the source zone and MLS
nests, with constafitead boundary conditions representing the stssatg flow conditions
maintained by the injection/extractiovells, separated by 4.9 m (FigurelB (b) Crosssectional

view perpendicular to the flow direction. (c) Cresectional view parallel to the flow direction.

All grid blocks measure 10 cm in every direction. The shown model layers represent the saturated
=0 (U] PR 51

Figure 3-3. Grid-scale NAPL zones in model layers 4 through 7. All NAPL zones measured 0.5
m x 0.5 m on the horizontal plane, encompassing 25 grid blocks. Model layers measure 0.1 m
along the Zaxis representing the vertical spacing between MLS ports. Theeppstmental

NAPL footprint mapped in 0.5 vertical increments (excavation layers) by Broholm et al.
(1999) is Included for refEreNCE..........coeiiiee e 54

Figure 3-4. Grid-scale NAPL zones in model layers 8 through.12...............cooovviieemenennnn. 55

Figure 3-5. Comparison of measured (circles) and simulated (lines) agy@se TCM
concentrations at the MLS fence. Simulation results correspond to the posterior base realization of
model C, including MLS and MD constraints. Empty circles correspond to conoaméragnored

for history-matching because of significant measurement noise induced by water table fluctuations
after 130 days of monitoring. The dashed lines correspond to simulated values beyond 130 days,
informed by MD data exclusively. Bladikled circles are priodata conflicts removed from the
history-matching process to avoid parameter bias. The dashed circles emphasize some of the

detected PDC values | abel.ed..as..fi.ni.t..i.a.bl peaks

Xi



Figure 3-6. Comparison of measured (circles) and simulated (lines) aqyase TCE
concentrations at the MLS fence. Simulation results correspond to the posterior base realization of
model C, including MLS and MD constraints. Empty circles correspond to concamsregnored

for history-matching because of significant measurement noise induced by water table fluctuations
after 130 days of monitoring. The dashed lines correspond to simulated values beyond 130 days,
informed by MD data exclusively. Rdiled circles are priordata conflicts removed from the
history-matching process to avoid parameter bias. The dashed circles emphasize some of the
detected PDC values | abel.ed..as..fbr.eakt.B2r ougho

Figure 3-7. Comparison of measured (circles) and simulated (lines) aqud@se PCE
concentrations at the MLS fence. Simulation results correspond to the posterior base realization of
model C, including MLS and MD constraints. Empty circles correspond to concemsregnored

for history-matching because of significant measurement noise induced by water table fluctuations
after 130 days of monitoring. The dashed lines correspond to simulated values beyond 130 days,
informed by MD data exclusively. Gredified circles are priodata conflicts removed from the
historymatching process to avoid parameter bias. The dashed circles emphasize some of the
detected PDC values | abel ed .as..fibef.or.e63reakt

Figure 3-8. Posterior ensembles of MD profiles generated with model.C....................... 65

Figure 3-9. Comparisons of longerm projections of MD profiles generated with the base
parameter realization of model C (continuous lines) and the modeling results of Mobile et al.
(2012) (dashed lines). All projections were generated#B. In both cases, midtage behavior

of NAPL depletion emerged from the NAPL architecture, which was constrained by the known
mass and the peskperiment source footprint in Mobile et al. (2012). Small differences in long
term projections of source depletion emphasized tip@itance of constraining the source mass.
.......................................................................................................................................... 68

Figure 3-10. Percent worth of monitoring datasets for reducing the prior-cglibration)
uncertainty of initial source mass. The prior uncertainty was defined on the basis of residual
sauration of NAPL zones ranging between 0.05% and 15%, where ~100 % uncertainty reduction
was attained by TCM concentrations measured at MLS POIS............ccoovvvvvieeeni e, 71

Figure 3-11. Percent worth of individual aqueopbase concentrations (MLS port 606 and TCM
MD) for reducing the prior uncertainty variance@ andkrcm,d' of NAPL zone 6.1. Although

the same trend of added value by individual measurements was determined fotsalbly

NAPL zones containing most of the source mass benefited from additional uncertainty reductions
by TCM MD data. In turn, the correspondence between the TCM MD profile with individual MLS
ports emphasized the value of multilevel monitoring fomesting NAPL architecture.......... 72

Figure 4-1. (a) Conceptual and (b) Volumfeveraged Model representation of a DNAPL source
zone, where the dissolution of fodistinct DNAPL accumulations are upscaled by a senore
reference volumefs) to yield the average source discharge concentration. Adapted from Stewart
B A1 (2022)... . e e e e e n e e e e e e e e e e nban e e e e e e aane 91

Xii



Figure 4-2. Singlecell, volumeaveraged (VA) model representation of mixed source experiment.
The dashed purple line represents the source zone volighand the solid purple lines represent
DNAPL pool volume V;) of the DNAPL accumulations. Only the pool zone wassidered in

this study. Adapted from Stewart et al. (2022)...........ooveiiiiiiiiineiieeeeeeei e 95

Figure 4-3. Singlecell, volumeaveraged (VA) conceptualization of the PCE pool dissolution
experiment conducted by MacKinnon and Thomson (2002). The thick purple lines represent the
source zone volumeV§) encompassing the DNAPL pool. The dashed lines represent the
experimental apparatus dimensions, where the horizontal distance of 10 cm bétardriank

edges corresponds to influent/effluent mixing zones generated by clearwell screens. The red square
represents the numerical maischarge measurement plane.............ccccooevivieeeiviiiinnnnn, 95

Figure 4-4. Examples of model discretization of the DiFilippo et al. (2010) besoete
experiment (Pool 1). (a) Upscaled singtmurce DNAPL block with no vertical discretization
(1D); (b) Singlesource block with vertical discretization matching initial DNAPL paiciensions

(2D); (c) Upscaled source block discretized along the flow direction (1D); (d) Single source block
discretized along the flow direction with vertical discretization matching initial DNAPL pool
AIMENSIONS AN (2Dt rmmee e e e e bbb enee e 97

Figure 4-5. Comparison between measured and simulated experimental mass discharge (MD)
rates. Panels (a) through (c) correspond to Pool 1, whereas panels (d) through (f) correspond to
Pool 2. Thek>*Pvalues were calculated with Equatiof4 and t he ,lengtdsi wheré e d X
the showrko®3°i ncr ement s ar ep=¥pi(aahdd)..e.s.p.e.c.t...t..a...40X

Figure 4-6. Comparison of TOR results between VA and SEAM3D models of (a) Pool 1 and (b)
Pool 2 usingg>3Pvalues calculated with Equation74and parameters in Table24............. 101

Figure 4-7. Empirical correlations between the numbeKgblocks and the prescribed number of
Zs blocks that produced comparable (a) Pool 1 and (b) Pool 2 dissolution results with the VA
10T = £SO 102

Figure 4-8. Comparison between SEAM3D and VA TOR results. Panels (a) and (c) depict results
estimated with constadtvalues whereas (b) and (d) witfhvalues adjusted empirically for Pools
1 and 2, respectively. All panels show a tendency for underestimating TOR by models with more

than 10 | ayers and nor ma3)icangadtingPtlee inseaditivite® O 0 .
downgradi ent ¢ ofsoarsdayeredzandt1D mauels( Al XD models requiketf®
scaling (Equations-8 and 49) to approximate the VA physical TOR predictions............ 105

Figure 4-9. Comparison between inverse SEAM3D modeling and VA estimates of TOR. (a) Pool

1 results show a slight overestimation of TOR values, whereas (b) Pool 2 results show a slight
underestimati on. Both panel s splengthsfai neiangahl gIiZOR
except for all singldlock numerical reSUItS.........ccoovviiiiiiiiiiieee e 107

Figure 4-10. Comparison between measured and simulated MD rates using the VA and SEAM3D
models. SEAM3D simulations correspond to the finest vertical discretization of Pools 1 (a and b)

Xiii



and 2 (c and d). All panels contrast result&Sf° parameters constrained by BEdgjons 48 and

4-9 vs twofoldko>3Pincrements up to solubility IMItS............ccceeieieiiieeeeiecece e, 108
Figure B-1. Plot of Table B2 reSuUlts..........cccciiiiiiiiiee e 131
Figure B-2. Plot of Table S4 reSUltS............ccooiiiiiiiiiieeee e 132

Figure B-3. Comparison between measured and inverse numerical modeling of experimental mass
discharge (MD) rates. Panels (a) through (c) correspond to Pool 1, whereas panels (d) through (f)
COITESPONA T0 POOI 2.t e e 134

Figure D-1. Prior and Posterior TOR PDES.........cciiiiiiiiiiiccs e eeeeeeeeeeeeenne e 167

Figure D-2. Posterior realizations of simulated discharge concentrations obtained after 6 IES
(1= = U 0] 0 1 SO 169

Figure D-3.Plotoflogt r ansf ormed O realizations during h
was selected to produce Figure 2. Iteration O corresponds to the prior Monte Carlo arblgsis.

Xiv



List of Tables

Table 2-1. Nomenclature of input parameters used in the VA model of thedlexperiments.

.......................................................................................................................................... 18
Table 2-2. Predictive uncertainty of mixed and heterogeneous experiments................... 26
Table 3-1. Modetestimated DNAPL mass ang" multipliers...............cccoeevveeiveeerececveenenn. 60
Table 3-2. Distribution of estimated DNAPL mass and mass transfer coefficients........... 67

Table 3-3. Distribution of SV and worth of MLS ports for reducing prior uncertainty of NAPL
= 1S VPP UPPPPRTRRUPRRRRRRPPPRRY 4 O

Table 3-4. Source zone parameters with lower than 80% prior uncertainty variance redidétion.
Table 3-5. Mass Of NAPL reMOVEQ............uuuuuiiiiiie e e e e e e e vennnss e e e e e e e e eaeeeeees 74

Table 4-1. Sourcezone and DNAPL parameters of flesell experiments representing initial
SYSIEM CONUITIONS.....ccciiiiiieieeeete et e e errr e e e e e e e e e e e e e e s amanaaaaeeaaaaaaaaeeeees 94

Table 4-2. Vertical and horizontal numerical discretization of Pools 1 and 2. Models were
di scretized for the rppngedofr giHlawe s.s.&.o.@6prZt udi

Table 4-3. Comparison of grigscaled DNAPL pools lengthé(r) andke>3Pcoefficients calculated
using differentd values (Equations-8 and 49), including absolute and normalized Pe values.
TOR results are SNOWN iN FIQUIEBA............uuuiiiiiiiiiiii ettt 104

Table 4-4. Statistics of TOR results averaged across all discretization scenarios (¥2ple 4
depicted in Figure 8. Estimated VA TOR values are 27.4 days and 30.2 years for Pool 1 and
POOI 2, FESPECHIVEIY..... oot eemnnr s 105

Table A-1. Input parameters of groundwater flow and sotu@sport model including NAPL
S 10] 01T 1= SO PO P PP PPPPPPPP 125

Table A-2. Parameter values used to calculate percentages of initial NAPL mass removed by
natural dissolution and methanol flushing presented in Table.5.............ccccoivieeeeeiiiennes 126

Table B-1. Source zone discretization of Pool 1, including initial mass transfer coeffigigits
estimated with Equation-4. Coefficients estimated with Equations4nd 49 using variable]
values are included for comparison (TabB)4..........oovviiiiiiiiiiiiiieeee e 130

Table B-2. RMSE values obtained from Equatiot¥4Table B1) with respect to effluent data of



Table B-3. Source zone discretization of Pool 2, including initial mass transfer coeffi&igits
estimated with Equation-4. Coefficients estimated with Equations84nd 49 using variable|
values are included for comparison (TablB)4..........ccoooviiiiiiiiiiieee e, 131

Table B-4. RMSE values obtained from Equatiof74TableBS3) with respect to effluent data of

P OO 2. e e et e e e e e e e e 131
Table B-5. TOR results of inverse numerical modeling of Pool 1 with PEST................. 132
Table B-6. RMSE values of inverse numerical modeling of Pool 1 with PEST............... 133
Table B-7. TOR results of inverse numerical modeling of Pool 2 with PEST................. 133
Table B-8. RMSE values of inverse numerical modeling of Pool 2 with PEST............... 134

XVi



Chapter 1. Introduction and Attribution

Groundwater contaminatioby dense nomqueous phase liquids (DNAPL& a ubiquitous
environmental problem worldwide, particularly throughout industrialized nations with decades of
chemical manufacturing and inadequate disposal of hazardous WREs2005; Kueper et al.,

2013). Spills of industrial solvents and-pyodLicts, pesticides, dry cleaning fluids and degreasers,
such as chlorinated solvents, have generated source zones of persistent and extensive subsurface
contamination (NRC, 2005; Kueper et al., 2013). Slow dissolution rates of DNAPLs in
groundwater are primdy driven by their low aqueous solubilities and limited hydraulic
accessibility, contributing to source zone persistence without active remedial efforts (Mayer &
Hassanizadeh, 2005; Brusseau et al., 2013). Although active remediation of DNAPL source zones
can help mitigate longerm groundwater impacts, unavailability of detailed-ditetorical and/or
characterization data, in addition to a lack of practical quantitative modeling methods, oftentimes
leads to costly and ineffective management strateRiestt et al., 2014; Horst et al., 2018). Thus,
developing modeling approaches capable of quantifying and reducirgpsitdéic uncertainties,
throughthe assimilation oéll available datais necessary to optimize remedial designs and reduce
toxicologial risks at sites impacted by DNAPL source zones (Abriola, 2005; Koch & Nowak,
2015; Kang et al., 2021; 2022).

A typical metric for reducing toxicological risk and achieving remedial objectives at contaminated
sites is defined by maximum contaminant lsy@iCLs) for drinking water standards (Hadley &
Newell, 2012). Reaching MCLs at specific locations within reasonable timeframes in groundwater
systems is largely dependent on source zone management strategies for reducing mass discharge
(MD) and flux @) rates (ITRC, 2010; Lebron et al., 2012). As shown in Figute dource MD

and J can be monitored at multiple downgradient transects and scales of spatial resolution to
estimate timeframes of source mass depletion and to evaluate remedial technologyapegorm
(Stroo et al., 2012; Brusseau et al., 2013). Howewasigding effective strategies flamg-term
management adource zones requires knowledgeDAPL mass distribution in the subsurface
referred to as t heeAlhaughthe source ponesarchitecture playd agpramary r e

role in regulating fielescale MD rates (lllangasekare et al., 2006; Rivett et al., 2014; Annable et



al., 2017)characterizindNAPL mass and distributioby direct field observation methotsnot
passible(Eniarson et al., 2018; Engelmann et al., 2019).

Source Zone

Transect A

Transect B

Figure 1-1. lllustration of mass discharge (MD) and mass flixrteasurement concepts. The sund (¥ T L2
measurements over a given area perpendicular to the downgradient DargiLfTi¥] direction is equivalent to the
MD rate [M T?] at a monitoring transect.

Source zone architecturaseformed through DNAPL trapping by capillary and viscous forces
during downward and laterahigrationin saturated aquifer(Dekker & Abriola, 2000)As shown

in Figure 12, a typical source zone architecture is comprised of residual ganglissdtigiation

pools, sorbed and dissolved constituents, and constituentsetiffinto finegrained media
(Kueper et al., 2013fsanglia zones consist of disconnected blobs occumppgoximatelyless

than 20% of the pore space, while pool zones consist of continuous DNAPL accumulations with
residual saturationapproximatelygreder than 20%(Christ et al., 2006, 2010)The greater
interfacial area of residual ganglia often yields a high contaminant mass flux, whereas pooled
DNAPL sustainsa lower mass flufor longertime periods r esul t i ngmult-et age o mb i
dissolutionbehaviortypically observed in monitoring systems (Lemke & Abriola, 2004, 2006)
Predicting and explaining fieldcale DNAPL dissolution trends through quantitative modeling
methods are of key interest for effective site management support (Parker & tkPark &
Parker, 2005; Kokkinaki et al., 2014).



Residual DNAPL

Figure 1-2. Schematic oDNAPL source zone (adapted from Kueper et al. 2013)

Approaches for simulating DNAPL dissolution range from screemindels lacking a physical

basis to complex multiphase and psmale numerical models with impractical data requirements
(Agaoglu et al., 2015; Stewart et al., 2022). Similarly, although computationally efficient,
predictive upscaled models have input iegments on overly specific source zone metrics,
limiting their general practical applicability (Stewart et al., 2022). Examples include-damain
gangliato-pool mass ratio model (Christ et al., 2010), the equilibrium streamtube model (Jawitz
et al.,, 2003; Basu et al., 2008), an upscaled Gill&m@rwood correlation (Saenton &
llangasekare, 2007), and a thermodynamic interfacial area model (Kokkinaki et al., 2013); all
requiring detailed information on residual saturation distributions which cannotebsured
directly at sites (Eniarson et al., 2018). Moreover, inverse modeling approaches have proved useful
for estimating fieldscale mass transfer parameters (Park & Parker, 2005; Mobile et al., 2012;
2016), but predictions on future system behavioy ba limited to the historical observation
period leaving significant unquantified uncertainties (Marble et el., 2008; Parker et al., 2010).
These shortcomings have incentivized the need to develop praaidacientifically-based
modeling approaches to readily estimate mass fluxes and depletion timeframes of DNAPL source
zones by assimilating all types of available site data (Kueper et al., 2013).a$ucteling
framework could be used to evaluate and rediteeconceptual assumptions while quantifying and

reducing predictive uncertainties, including the downgradient plume response.



In this research, a voluraveraged (VA) modeling system (Stewart et al., 2022) and the SEAM3D
numerical modeling program (Waidl & Widdowson, 2000) were used to quantify DNAPL mass
transfer parameters and predictive uncertainties derived from a variety of source zone
characterization and monitoring datasets at multiple measurement scales. The primary objective
was to elucidatéheadvantages and limitations of #emodeling tools, including an examination

of a combined modeling approach for improving decisiopport capabilities. Specifically,
because the VA model possesses a physical basis for simulating DNAPL mass tranef=es
explicitly, both site characterization and monitoring data can be leveraged for predicting source
mass discharge rates and depletion timeframes (Stewart et al., 2022). However, its main advantage
is also its primary limitation; i.e., volume avenagjtrades off spatial specificity for computational
efficiency. Fast model runtimes facilitate the quantification of predictive saaome
uncertainties, but the evolution of downgradient contaminant plumes cannot be jointly evaluated
with the current gproach. Conversely, the SEAM3D NAPL dissolution model does not include

an explicit representation of mass transfer coefficients, but numerical modeling allows for
estimating system parameters from monitoring data at multiple measurement scales to jointly
evaluate the downgradient contaminant plume evolution, including complex, spa#ating
attenuation (biodegradation) processes. Therefore, combining both approaches has potential for
evaluating the outcome of management scenarios at field sites inputediomally efficient
manner, which is necessary foarameteestimationand uncertainty quantification (Doherty &
Moore, 2020). The following chapters were developed to elucidate upon modeling techniques

useful for characterizing and predicting souroeezdepletion at DNAPImpacted sites:

Chapter2:

Although the VA model can reproduce complex DNAPL dissolution profiles by parameterizing
source zone dimensions and fléid heterogeneities measured in controlled experiments, such
level of site charderization detail is likely unavailable at contaminated sites. In turn, history
matching of monitoring profiles to estimate mass transfer parameters may bias model predictions
through inadequate source zone conceptual assumptions. This chapter investegéted| of
parameterization complexity required to produce unbiased predictions of source zone depletion,

assuming data availability on source delineation and discharge concentrations with various spatial



and temporal resolutions. Datasets of highlyrabierized benccale experiments of DNAPL
dissolution were leveraged with the VA model coupled to uncertainty quantification tools to

evaluate how conceptual assumptions drive predictive uncertainties.

The manuscript for this work was submittedN¥aterResources Researdfo-authors include Dr.
Mark Widdowson (Conceptualization, Funding Acquisition, Methodology, Review and Editing)
and Dr. Lloyd Stewart (Conceptualization, Funding Acquisition, Methodology, Review and
Editing, Software)

Chapter3:

Prevous research efforts have shown how spatidlyying mass transfer coefficients can be
estimated through inverse SEAM3D modeling to characterize source zone depletion. This chapter
expanded on previous work by investigating how to leverage arégghuton multilevel
monitoring transect to simultaneously characterize the architecture and mass transfer coefficients
of a multicomponent DNAPL source zone, which cannot be measured directly at contaminated
sites. Datavorth and nonlinear uncertainty analysisls were coupled to a 3D numerical model

to evaluate and quantify the link between parameter uncertainties angbaition monitoring

of a controlled field experiment.

The manuscript for this work wasccepted for publication iVater Resources Remrch Co
authors include Dr. Mark Widdowson (Funding Acquisition, Conceptualization, Methodology,

Review and Editing, Software) and Dr. Lloyd Stewart (Funding Acquisition, Review and Editing)

Chapter4:

This chapter explored the application of VA masmnsfer concepts in discretized SEAM3D
models of DNAPL dissolution and aqueepisase transport. The variability of mass transfer
coefficients, mass discharge rates, and DNAPL longevity with numerical grid resolution was
examined by a combination of inversad forward numerical modeling analyses, using VA

models and experimental effluent data as reference metrics. Datasets included highly characterized



flow-cell experiments focusing on the dissolution of chlorinat@eent pools. Physical VA model
predictons of DNAPL pool depletion were leveraged to find empirical relationships between
source architectural dimensions and numerical grid resolution, which included vertical
hydrodynamic dispersion in both mass transfer and transport simulations. Comp&atwars

VA modeling analyses were focused on investigating methods for scaling VA mass transfer

coefficients to constrain lumpgatocess parameters in discretized domains.

The manuscript for this work will be submittedwater Resources Resear€o-authos include

Dr. Mark Widdowson (Funding Acquisition, Methodology, Review and Editing, Software) and
Dr. Lloyd Stewart (Conceptualization, Funding Acquisition, Methodology, Review and Editing,
Software)
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Chapter 2. Quantifying DNAPL source zone longevity with upscaled modeling:

practical insights from flow-cell experiments and uncertainty analyses

This chapter was submitted Wéater Resources ReseamhDecember 17, 2022.

2.1. Authors
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United States

2.2.Key Points

1 Upscaled modeling and uncertainty analyses of-tel experiments elucidated upon data
assimilation strategies at DNAPL sites

1 Parameterization of source zone heterogeneities for histatghing was necessary to
predict unbiased DNAPL dissolution timafes

1 Coarse DNAPL delineation sufficed to quantify unbiased uncertainty limits of source zone

lifespans a priori

2.3. Abstract

Estimating dissipation timeframes and contaminant mass discharge rates of deageeumus

phase liquids (DNAPLS) source zone®fkey interest for environmentatanagement support.
Upscaled mathematical modeling of DNAPL dissolution provides a practical approach for
assimilating site characterization and downgradient monitoring data to constrain future system
behavior. Yet signiiant uncertainties on predictions of source zone dissipation rates may arise
from inadequate or inaccurate conceptual assumptions in parameterization designs. These

implications were investigated through upscaled modeling, sensitivity, and uncertaigseartdl
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high-resolution flowcell experiments. Sensitivity results emphasized the role of local groundwater
velocity and source dimensions in mass transfer scaling by strongly influencing error with respect
to DNAPL persistence and dissolution rates. Lingacertainty analyses, facilitated by PEST
ancillary software, demonstrated the worth of monitoring profiles for constraining DNAPL
saturations and dispersive mass transfer rates, responsible for source zone longevity. Nonlinear
analyses performed with éh iterative ensemble smoother PESTP8, facilitated the
guantification of unbiased source dissipation uncertainties from DNAPL delineation data.
Conversely, monitoring data assimilation without consideration of-fleld heterogeneity and
saturation digibution along the flow path biased model predictions. Our analyses provided
practical recommendations on upscaled model design to assimilate available site data and support

remedialdesigns

2.4.Plain Language Summary

Currently, environmental restoration anagersmakers rarely benefit from physicalbased
modeling methods and uncertainty analyses to manage sites impacted by DNAPL source zones.
Difficulties in estimating DNAPL dissolution rates stem from source zone heterogeneities, which
are difficult to daracterize in detail, compounded by a lack of scalable methodologies connecting
source zone characterization with discharge monitoring. In addition, monitoring and site
characterization efforts supporting performabesed remedial objectives are typigall
uninformed by uncertainty evaluations predicated on DNAPL mass transfer processes. To bridge
that gap, we investigated the impact of ddti@en conceptual assumptions on predictions of
source zone behavior by coupling a practical DNAPL dissolution maat&l uncertainty
guantification methods. Simulations of flesell experiments demonstrated the worth of DNAPL
delineation for constraining source zone dissipation uncertainties, estimated a priori through
parameterization of DNAPL distributions. In turparameterizing system heterogeneities in
greater detail was necessary to estimate unbiased source zone characteristics and lifespans, derived
from the assimilation of complex DNAPL dissolution trends observed in monitoring profiles. Our
results demonstraiehow available site data can be integrated into a deessipport modeling

framework to inform data collection strategies and remedial designs.
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2.5.Keywords

Source zone persistence, source zone heterogeneity, DNAPL dissolution rates, conceptual
assumptions, data assimilation, model parameterization, rentedision making, practical

recommendations

2.6. Introduction

Mathematical modeling can provide valuable insights for decision support at hazardous waste sites
with groundwater impacted by deneenaqueous phase liquids (DNAPLs). However, a gap
between simplistic analytical screening models and overly complex numerical simulators has
limited their applicability for estimating DNAPL longevity and dissolution rates. Researchers have
focused on egsmating distributions of DNAPL saturation, referred to as the source zone
architecture, or DNAPL dissolution rates from syntheticglyerated datasets using several
mathematical approaches to simulating mass transfer. Several studies considered aitiler a |
equilibrium assumption (LEA) or Gillan8herwood models of interphase mass transfer (Kang et

al. 2021a; Powers et al., 1992, 1994; Saenton & lllangasekare, 2004).

Decisionsupport modeling incorporating LEA is questionable because heterogenegyifelr a
hydraulic properties and source architecture can induce flow bypassing and mass transfer rate
limitations, resulting in nonequilibrium concentrations typically observed at field sites (Falta,
2003; Kokkinaki et al., 2013). Similarly, GillarSsherwoa models rely on correlations between
empirical coefficients and soil particle sizes that were determined under specificsoateh
conditions, which may not be applicable to fislchle problems with different hydraulic properties
(Powers et al., 1992;a8nton & lllangasekare, 2007). Moreover, the computational cost of pore
scale numerical models incorporating LEA and Gill&teerwood correlations limits their
practicality for data assimilation and uncertainty quantification (Falta, 2003; Kokkinaki, et al.
2013; Powers et al., 1994). An alternative method is predicated on a hpmuess, scale
dependent mass transfer coefficient estimated from monitoring data (Guo et al., 2020; Mobile et
al., 2012; Park & Parker, 2005). However, estimating mass trareties exclusively from
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historical monitoring may bias predictions of source longevity because of architectural changes.
For example, early in the life cycle of a DNAPL source zone, the contributions of slowly dissolving

pools governing complete depletiormymot be discernible in discharge data (Abriola et al., 2013).

Multistage DNAPL dissolution, typically observed at contaminated sites and in dissolution
experiments, arises from heterogeneity of source zone architecture (Rigorerimarily
comprised B residual ganglia and higdaturation DNAPL pools (Christ et al., 2010; Dekker &
Abriola, 2000; DiFilippo & Brusseau, 2008; Lemke & Abriola, 2006; Parker & Park, 2004).
Consequently, a number of higlsolution site characterization (HRSC) technologie® Heeen
developed (Einarson et al., 2018; Horst et al., 2018; Kueper et al., 2014). Delineation of DNAPLs
comprised by chlorinated ethenes is possible with-eheanced laser induced fluorescence
(DyeLIF) and confirmatory sampling, and with indirect obs¢éion methods, such as multilevel
monitoring and groundwater extraction systems, passive flux metersppligracer tests, etc.
(Horst et al. 2018; Huang et al. 2010; ITRC, 2010; Kueper et al., 2014). Although HRSC may help
constrain DNAPL distributionguantifying residual mass and saturation directly is not possible
(Einarson et al., 2018). Thus, inverse modeling techniques have been applied to quantify lumped
process mass transfer coefficients from monitoring data Marble et al., 2008; Mobile @12]., 2
Saenton & lllangasekare, 2004), or to estimate source zone architectures from borehole and
geophysical measurements using physiebfiged parameterization mechanisms (Kang et al.
2021a, 2021b). Kang et al. (2022) demonstrated a novel Bayesian onvémsmework to
reconstruct complex permeability and DNAPL saturation fields, subsequently parameterizing an

upscaled model of DNAPL dissolution to reproduce experimental source depletion trends.

Upscaled (domakaveraged) models lacking a physical massidfer basis cannot assimilate
HRSC data and have proved ineffective at explaining and predicting DNAPL dissolution behavior
(Christ et al., 2006; Kokkinaki et al., 2014; Marble et al., 2008). However, upscaled models
incorporating metrics describing teeurce zone architecture, such as the gatgfpool (GTP)

mass ratio, have shown improved success (Abriola et al. 2013; Christ et al., 2010; DiFilippo &
Brusseau, 2011). Stewart et al. (2021) developed a vedwaaged (VA) model of DNAPL
dissolution pedicated on characteristic length scales of DNAPL accumulations and their relative

location along groundwater flow paths, explicitly accounting for mass transfer processes at the
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source zone scale (Figugel). The model accurately reproduced complex DNAsolution
observed in laboratory, numerical, and field experiments by parameterizing initial, and estimable
system characteristics without undertaking histotching. The VA model is therefore able to
assimilate HRSC and/or monitoring data to estimspeirce dissipation timeframes with
computational efficiency in a scalable and physichliged manner. Such capabilities make the
VA model suitable for evaluating site conceptual assumptions and quantifying uncertainties, which

is necessary for effectivemediaidecision support (Abriola, 2005).

The primary objectives in this work were to (i) identify the relative contribution of VA mass
transfer parameters to source zone dissipation uncertainties, and (ii) investigate how model
parameterization influems predictive bias through monitoring data assimilation. The VA DNAPL
dissolution model developed by Stewart et al. (2021) was coupled with sensitivity and uncertainty
analysis methods to evaluate the worth of direct and indirect source zone measurements f
constraining system parameters and model uncertainty-fdggitution datasets of two DNAPL
dissolution experiments were leveraged to evaluate-diaten conceptual assumptions on
modeling outcomes. Our findingdarify the level of model complexity reessaryto quantify
unbiased DNAPL persistence uncertainties, yielding recommendations on HRSC and monitoring

data assimilation for constraining future source zone behavior.
2.7.Upscaled and VolumeAveraged Model of DNAPL Dissolution

Volume-averaging relaxes the need to specify precise locations of DNAPL accumulations within
a finely discretized domain. The approach facilitates the incorporation of phydiealyl mass
transfer relationships for complex fied¢ale dissolution behaviavith computational efficiency.

As presented by Stewart et al. (2021), dissolution of a single DNAPL accumulation, defined as a
volume of relative uniformity in saturation, can be simulated by a generalized upscaled mass

transfer function:
Q Y 0 Qa 0 ¢ (2-1
R R R = )
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where interphase mass transtelY [T}] from an individual DNAPL accumulatiof a i8 driven

by the local Darcy groundwater velocityd) [L T™1] upscaled by a source zone reference volume
(Vs) [L3] encompassing the DNAPL masses. The term on the left inside the brackets represents
dissolution attributable to through flow (Figuzelc), which is proportional to the projected area
facing flow (Aayz= YaZa [L?) of a. Flow througha is regulated by theoil relative permeability

(kr) which gradually increases the DNAPL dissolution rate as the DNAPL volume is reduced. The
term on the right represents dissolution attributable to dispersion into bypassing flow @igure
1d), which isproportional to the hydrodynamic transverse dispersiuity[(] arounda and the
horizontal area of the accumulatioAagy= XaYa [L?]). Mass dissolution from low DNAPL
saturations, i.e., ganglia, are dominated by flow through, while high saturaties, 2@&n, pools,

can be dominated by dispersion. The normalized nm8w) term reflects a transient reduction

of DNAPL interfacial area. Theoretically, the dimensionless exponent2/3 for ganglia
dominated accumulations, and& %2 for pooldominated ecumulations. The exponent may be
adjusted during model histematching to allow for deviations from conceptual mass transfer
assumptions but is expected to fall within this relatively narrow range (Stewart et alEr2021IR

eference source not found.

DNAPL
ganglia
(residual)

Cdischarge

Groundwater
flow

=]

Low permeability lens

a. Source Zone Conceptual Model b. Upscaled Model Concept

c. Ganglia Accumulation d. Pool Accumulation

Figure 2-1. Conceptual and volumaveraged model representations (a and b, respectively) of a DNAPL source zone

comprised by characteristic accumulations of (c) residual ganglia and (d) pools. Adapted from Stewart et al. (2021).
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2.7.1.Simulation of DNAPL Dissolution Experiments

Flow-cell experiments presented by DiFilippo et al. (2010) and analyzed by Guo et al. (2020) with

a simplified inverse modeling method were utilized in this study. Stewart et al. (2021) simulated
these experiments with the VApproach by explicitly accounting for DNAPL saturation
distributions, flow field characteristics, and soil properties. The dissolution experiments consisted

of two source zone scenarios: a 0 mi-domidated DNAPL
accumudtion and a poetlominated accumulation in homogeneous sand, and multiple DNAPL
accumul ations in a Aheterogeneouso soil. Detai

were presented in Stewart et al. (2021).

2.7.1.1.Mixed DNAPL Architecture

The filmi s®urce zone experiment conducted by Di
pack of sand (40/50 mesh) with & thick capillary barrier located along the bottom of the test

cell (Figure2-2a). An injection of ~12 milliliters of trichloroetheif€CE) at the top of the test cell

followed by 48hour period prior to flow initiation generated a stable source zone architecture
consisting of a vertical ganglia zone underlain by a pool. The DNAPL saturation distribution was
characterized using a ligtgftection visualization (LRV) method and TCE effluent concentrations

were monitored until source zone depletion.
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Figure 2-2. Model conceptualizations of the fleeell experiments: (a) mixed source zonehiecture and (b)
heterogeneous source zone. Sohumes (purple rectangles) correspond to DNAPL accumulations with distinct

saturations encompassed by the source volume (purple dashed line). Adapted from Stewart et al. (2021).

2.7.1.2.Multiple DNAPL accumulatios in Heterogeneous Soil

The test cell of the heterogeneous source experiment (FBJRb@ consisted of a matrix of
homogeneous sand (40/50 mesh) with coarser (20/30 mesh) and finer (70/100 mesh) lenticular
zones (DeFilippo et al., 2010; Guo et al., 2020). An injectiorlsf milliliters of TCE at the top

of the cell was distributed betwemo ports with 66% in the far left (upgradient) port and 33% in

the center (downgradient) port (DeFilippo et al. 2010). The central release generated two distinct
accumulations: one above a figeined lens and one within a coaggained lens. The coarse

lens had an intrinsic permeability approximately 3.5 times higher than the surrounding bulk sands
(DeFilippo et al., 2010), resulting in a higher velocity through this material than in the surrounding
matrix. As shown in Figur@-2b, Stewart et al. (202Bubdivided the upgradient accumulation

into two accumulations on the basis of characteristic saturations to accurately capture the measured
TCE effluent breakthrough. Sequential dissolution inhibition was also implemented by Stewart et
al. (2021) for thewo downgradient accumulations on the basis of their relative locations along the

flow path. Nomenclature for variables in the model are presented in Z-dble
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Table 2-1. Nomenclature of input parametersed in the VA model of the flowell experiments.

Parameter Mixed Source Heterogeneous Source Unit
Mass Mass G.| Mass P.| Mass 1A| Mass 1B| Mass 2| Mass 3| g
Length Xg Xp X1 X1B Xo X3 m
Width Yy Yo Y1ia Y1 Y2 Y3 m
Height Zy Zp Zia ZiB Z> Z3 m
NAPL Saturation| SN SN SiaN Sig" SN Sh %
Area Facing Flow  YZ YZ YZia YZig Y2 YZ m?
Dispersive Area| XYy XYy XYia XYig XY XY3 m?
Dispersivity Urg Urp Ur 1a Ur1s Ur2 Ur3 m
2 ¥ o oA o'B o o -

2.7.2.Sensitivity Analysis

Model outputvariability was evaluated with local sensitivity analysis by systematically perturbing
input parameters around reference values conceptualized in Stewart et al. (2021). The goal was to
compare relative sensitivities with respect to measured dischargentratioas and with respect

to the time required to reach cleanup concentrations, defined here as time of remediation (TOR).
Both metrics were evaluated using the same model input variability around base parameter sets.
Because the plausible variability ganof some parameters and their corresponding outputs differs

by orders of magnitude compared to those of other parameters, sensitivity coefficients were scaled
by maximum values to provide a relative comparison metric of simulation error. All sensitivity
analyses were automated coupling SENSAN and PEST software (Watermark Numerical

Computing, 2018) for calculation fidelity.

2.7.2.1.Sensitivities with respect to TCE discharge concentrations

Normalized sensitivity coefficientX{ce) were calculated on thEasis of root mean squared errors

(RMSE) between simulatedin) and measureabs) discharge concentrations as:
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where:
o . 7
YO YO T [ Qa ¢ wi (2-3)
T YO "YOYD "Y®— YD "YO- (2-9)

d = base parameteayy = perturbed parameterd; N = number of TCE effluent measurements. All
sensitivity coefficients were normalized by maximum values () to provide a relative

comparison metric of model sensitivities.

2.7.2.2.Sensitivities with respect to TOR

Providedwith a cleanup concentration input, the VA model calculates the time required to reach
the target value (e.g., contaminant MCL). Using the base parameter sets, which reflect detailed
experimental conditions and initial source zone properties, TOR waslatatt for both
experimentdy arbitrarily deining atargetlevel for source dischargmncentrations at C = 0.005
mg/L. Sensitivity coefficients normalized by maximum values ( ) were calculated as:

YO Y®—

2.7.3.Uncertainty Analysis

Source zone metrics controlling fiedtale dissolution include DNAPL mass and distribution
(Abriola et al., 2013). Uncertainties associated to both metrics can therefore propagate to model
predictive uncertainties (Abriola, 2005; Tang, 2019). Prior-fjsry matching) parameter and
predictive uncertainties can be informed by expert knowledge and/or by site characterization (e.qg.,

DNAPL delineation, projected flow through area), whereas posterior-jEisty matching)
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uncertainties may be reduced andanatified through histosmatching of monitoring data.
Because volumaveraging eliminates spatial parameter correlations, the prior uncertainty of mass
transfer parameters was expressed through statistically uncorrelated uncertainty bounds (archived
datafile). All initial (mean) parameter values were inherited from Stewart et al. (2021).

Uncertainty bounds of characteristic dimensiolg @nd massnt) of DNAPL accumulations
were designed so that 19&2' < 60% andk \4< Vsin both experiments; whereNAPL saturation

(S) of the pore space Y is also a function of DNAPL density+) as indicated by Equatidh6.

Per sensitivity results, upscaling paramet®es o, and: ) were assumed well constrained by the
monitoring scale and removed from predictive uncertainty evaluations. Uncertainty analyses were
focused onmy, Va, Ur, and o pertaining to each DNAPL accumulation. Linear and nonlinear
uncertainty quantification metds were implemented to understand drivers of model uncertainties
and bias emerging from datliven conceptual assumptions.

A g
o (2-6)

00 .
€

vy

2.7.3.1.Linear Analysis Methods

Model linearization expressed in Equati&Y is the primary assumption in firstder second

moment (FOSM) analysis (Doherty, 2015). Equa2enindicates that a vector of measurements

of system staté equals the action of the modélon a vector of pametersk plus a vector of
measurement noidé Prior model uncertainty was expressed by EquatiBrassuming a muki

gaussian probability density function (PDF), defined by mean parameter kadnelsa diagonal
covariance matrix &. Likewise, FOSM anigsis assumes a muijaussian PDF db(Equation

2-9), defined by mean values of zero and a diagonal covariance mdiixX&obian matrice

were weighted by the i nv e rUsTae nisfit batween siswlated d a r d
(Stewart et al., 2021) and measured TCE concentrations was used td’Hefing h & vakies (i

were calculated with the PESsed utility PWTADJ2 (Watermark Nwmncal Computing, 2018)

as observations weights for FOSM analyses.
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Linearization of a model prediction(Equation2-10) depends on a vector of sensitivitiessof
(TOR) with respect tk, where the prior variance & (Equation2-11) is obtained through
covariance propagation (Doherty, 2015). The posterior parameter covariance matrix (EZuation
12), obtained by historgnatching conditioning, was used to estimate posterior TOR uncertainty
variance (Equatio2-13). All parameters were legansformed to reduce their nonlinearity with
respect to model outputs. Linear analyses were performed with the utility programs
GENLINPRED and PREDUNC (Watermark Numerical Computing, 2018) to understand how

TCE monitoring profiles constrain source zone properties, and thereby, TOR uncertainties.

2.7.3.1.1Relative parameter uncertainty variance (RUVR) reduction

This statistical metric was useal @valuate the ability of dissolved TCE concentrations to reduce
the prior uncertainty varianceif) of each parametei)(encapsulated in ®). Equation2-14

defines this metric upon extracting posterior parameter uncertainty varigndes (f r &)ras: C 6 (

~ ,y 2
YYQOYp = (2-14)
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2.7.3.1.2 Prior and posterior parameter contributions to predictive uncertainty

The contribution of an individual parameter to the uncertainty of a predictimfirsed as the fall

of predictive uncertainty resulting from acquiring perfect knowledge of the parameter (Doherty,
2015). Hence, individual parameters were systematically removed from FOSM calculations to
investigate their relative contributions to TORcartainty. Because histerpatching information

may be shared between several model parameters, the posterior contribution of a parameter could
increase in relation to its prior contribution, indicating a correlation with another parameter
(Doherty, 2015)While sensitivity analyses were useful to examine relative model error incurred

by perturbing individual parameters, considering parameter correlations for TOR uncertainty
estimation allowed assessing the worth of HRSC over histatghing for constraing the

models.

2.7.3.1.3Data-Worth Analysis

The ability of spatial or temporal data to reduce the uncertainty of model predictions defines its
worth (Doherty & Moore, 2020; Finsterle, 2005). The worth of individual measurements of TCE
concentrations was quantifigo understand how monitoring profiles reduce TOR uncertainty.
Dataworth analyses were also tied to parameter RUVR, further elucidating upon the additional

benefit of HRSC for constraining remaining model uncertainties.

2.7.3.2.Nonlinear Analysis Methods

Postrior TOR uncertainties were quantified using the iterative ensemble smoother PEESTPP

(White et al., 2020). Multgaussian prior parameter PDFs were defined by uncertainty bounds
spanning N 28 from initial ( me aintenals. PESTRPa | ue s,
IES undertakes Mont€arlo sampling of parameter uncertainty bounds generating model
realizations (ensembles) which are upgraded with the Gav&nbergMarquardt (GLM)
optimization algorithm. Rather than simply fitting simulation resudt data, PESTRIES can

generate observation ensembles considering fgaltssian PDFs d (White, 2018). Here, all

experiment al TCE concentrations werega¥signed

22



mg/L, to simultaneously estimate model partereeand quantify the nonlinear uncertainty of TOR
in a stochastic manner. This approach was implemented to evaluate TOR uncertainties and bias

arising from source zone conceptual assumptions driven by data availability.

In practice, HRSC data may helpnstrain source zone architecture, and thereby model
conceptualizations. However, high predictive uncertainties may remain because of the inability to
directly measure DNAPL mass afg'. The benefit of data assimilation for constraining model
uncertainties was investigated by estimating Va, Ur, and2* parameters in both experiments

from partial and complete monitoring profiles. The resulting source dissipation timeframes were
refered to as Posterior A (~13 days of monitoring), Posterior B (20 days) and Posterior All (26
days). Additionally, the heterogeneous experiment was conceptualized with 2 (2M), 3 (3M) and 4

(4M) DNAPL accumulations to examine TOR uncertainty and bias indogéuastorymatching

of the entire TCE monitoring profile. The 2M
Amass 30 i nto a s3)bagedenthe two nelease pairitsi, vehite thé 2vmodel
included those 3 distinct DNAPL accumulations. & 4 M model subdivided fim
1B (Figure 2-2b). Except for the 2M Model, the 3M and 4M models included an enhanced

di ssolution parameter to represent flow chann
was embedded. Following a vaility range reported in the literature (Klenk & Grathwohl, 2002),

the prior uncertainty bounds &k parameters were defined as*5e Ur (m) < 2€® in both
experiments, except for 0 (3® < Urz (m) < 0.002 in the coarse sand lens of the heterogeneous
experiment, wher&r s = 0 m provided the best match to measured TCE concentrations (Stewart

et al., 2021).

2.8.Results and Discussion

2.8.1.Sensitivity Analysis

As shown in Figureg-3 and2-4, the greatest model sensitivities with respect to matching TCE
concetrations Krce) corresponded to the source zone ai&zahd Ys) orthogonal to the flow
direction and groundwater velocityd). The former accounts for any dilution in the monitoring
scale, while the latter had a prominent impact on TOR in both experiments. TheVeknadUg
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on scaling mass transfer processes emphasized the need to constrain them by the monitoring scale
to avoid model errors induced by data assimilation. Fig48also indicated that the projected
area facing flow Y %) of the gangliedominated accumulation, rather thdlror ganglia mass, was
responsible for peak agueepisase concentrations. Similarly, Erg2-4 shows the projected area
YZa of the most upgradient, legaturation accumulation 1A in a higanked position. These

Xrce results suggested th&" parameters\(a and Masg of gangliadominated accumulations
responsible for peak concentrationsrdi impact TOR when a pediominated accumulation is

also present; yet their estimation via histargtching may be valuable for remedial designs.
Conversely, sensitivity with respect to TORr¢r) was dominated by DNAPL pool saturation
(SN) parametersiransverse dispersivityX,,), and depletion exponert®). The negligibleXtce

values of pool parameters suggested difficulty in estimating them from monitoring data alone and
value in HRSC for refining characteristic parameters of the pool.

In contrast to negligibl&Xrce values by pool parameters in the mixed experiment (Figt8k
Xrcerankings ofSsN parameters in the heterogeneous experiment (FRydysuggested that high
saturation DNAPL accumulations may not exclusively reflect pgadtions of source zones.
Typically, the small crossectional areas available for dissolution by groundwater flow through
DNAPL pools reduces their relative contribution to mass flux, compared to galoghizmated
accumulations. However, as indicatedrigure2-4, the morphology of DNAPL accumulation 3,
controlled by flowfield heterogeneity, influenced botXrce and Xror rankings in the
heterogeneous experiment. The predictive advantage of generalizing mass transfer processes
irrespective ofSN (Equatbn 2-1) over upscaled models predicated on the GTP mass ratio, was
further evidenced by a similar effect ¥fce and Xror incurred by perturbindlr s (Figure 2-4).
Conversely, the variability of oth&k parameters in both experiments only influensesk.
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2.8.2.Linear Analysis

Pri eor) (alnd p aststandarddeviatjoisdf TOR uncertainty estimated with FOSM
analysis and mear{or) values for both experiments are presented in T22leResults shown
were calculated using the complete TCE monitoring profiles. As indicated, hms&iching
significantly constrained prior TOR uncertainties despite Mwe values of TORsensitive

parameters pertaining to high" accumulations.

Table 2-2. Predictive uncertainty of mixed and heterogeneous experiments.

Experiment >tor (days) | Urtor (days) | U for (days)
Mixed 27.9 19.8 8.6
Heterogeneou; 28.6 20.5 1.7

2.8.2.1.Relative Parameter Uncertainty Variance Reduction

Figures 2-5 and 2-6 show the benefit of histompatching for reducing prior parameter
uncertainties. Despite negligib¥ece values corresponding to the pool mass Eybf the mixed
experiment (Figur@-3), historymatching reduced the prior uncertainty of these paraméte

~70% and ~60%, respectively (Figu2é). The low uncertainty reduction of (Figure2-5), to

which TOR was sensitive (Figug3), demonstrated the benefit of coupling upscaled modeling
with stochastic analysis tools for predicting DNAPL longetitgeframes when mass transfer
parameters remain unconstrained. In turn, sensitivity and FOSM analyses of the mixed experiment
coincided in a lowankedUr g, suggesting that its prior (default) value of 0.001 m is reasonable

for simulating dissolution ofangliadominated accumulations.
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Figure 2-5. Relative uncertainty variance reduction of VA model parameters of mixed experiment.

Difficulties in reducing prior uncertainty of treparameters in the heterogeneous experiment are
reflected in Figur@-6. Yet the prior uncertainty &N parameters dDNAPL accumulations 1A
(S1aY), 1B (S8"), and 3 &) was reduced by approximately more than 50%. The higher RUVR of
SN with respect to othe®&N parameters was attributed to the sequential dissolution of upgradient
DNAPL masses, allowing the tailing segment of the TCE monitoring profile to constrain the
remaining source architectur&Y). These results implied that modeling efforts supporting the
characterization of sites with aged, pdoiminated source zones, may benefit from history
matching of monitoring profiles. However, situations with scarce monitoring data and significant
uncertainties or&N distributions along groundwater flow paths magrrant HRSC efforts. In

turn, source characterization data such as DyeLIF and Hydraulic Profiling Tool (HPT) (Horst et
al., 2018) can be leveraged for VA model parameterization, while FOSM analyses can help guide

additional data collection efforts to cgirain DNAPL dissolution trends.
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Figure 2-6. Relative uncertainty variance reduction of VA model parameters of heterogeneous experiment.
2.8.2.2.Prior and posterior parameter contributions to predictive uncertainty

As shown in Figur@-7, FOSM analyses validated negligit{eor values caused by the garagli
parameters in the mixed experiment. Although the pool dispersive ¥axgaahd 2 influenced

Xror results (Figure2-3), prior and posterior TOR uncertainties of the mixed experiment were
clearly driven by the pool mass akll, (Figure 2-7). Likewise, Figure2-8 indicated that the
primary drivers of prior TOR uncertainty in the heterogenous experimentSaferer s, anda®.
Repeating FOSM calculations with uncertainty bounds defined &% (W) < 0.01 for all DNAPL
accumulations in theeterogeneous experiment did not alter the uncertainty rankings shown in
Figure2-8. Results of both experimersspportedhe significance of dispersive mass transtg) (

from highsaturation DNAPL accumulations in regulating TOR. However, the accegdteation

of the heterogenous source dissolution trend Wigh= 0 m was attributed to the contrast in grain
sizes, limiting dispersion from the coamg&ined lenticular zone into the finer surrounding sands
despite higits oY values.

Unlike the empircal mass depletion exponestt Ur may be directly measured at contaminated
sites to directly constrain mass transfer uncertainties. Examples of field methods inclugalpush
tracer tests, borehole and HPT logging, and discrete groundwater samplindiretth push
technology (DPT). These data may be interpreted with 2D analytical modeling (Huang et al.,
2010), grairsize correlations with soil hydraulic conductivity abg (Carey et al., 2018), and
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spatial moment analysis (Rockhold et al., 2016), reamgt Nonetheless, ther component of
DNAPL dissolution expressed in Equatidhl should not be confused with plureeale
macrodispersion. While dispersivity at the sotzoae and plume scales is driven by mechanical

or hydrodynamic mixing along tortusdlow paths (Molz, 2015), coupling a VA model of DNAPL
dissolution with a downgradient contaminant plume model may require two différentues

based upon sitepecific conditions. Several studies have demonstrated the relationship between
soil grain &ze andUr (Carey et al., 2018), concurring with its role on DNAPL mass transfer
(Figures2-7 and2-8). This is in contrast to Gillan8herwood mass transfer correlations which
rely upon aqueouphase transport models for the contributiotoio DNAPL dissolution (Yang

et al., 2019).

As indicated in Figur@-8, the primary driver of posterior TOR umtznty, 2, reflected its role

in regulating source discharge concentrations over several orders of magnitude. While a lack of
extensive groundwater monitoring at contaminated sites could dioohstraining via history
matching, SN and flowfield hetengeneities may also pose additional uncertainties on mass
transfer assumptions. In this case, TCE dissolution tailing, primarily regulat&',oyas also
modulated by flow channelization in the coarse sand lens (F&3Rb8. Transient reductions in
DNAPL interfacial areas, which limit mass transfer rates throughplaeameter, were obfuscated

by a local increase o andk: in the heterogeneous experiment (Stewart et al., 2021). Although
the level of characterization detail available for the flmell experiment would not be available at

field sites, VA modeling provides an efficient means to evaluate conceptual assumptions of system
heterogeneities and quantify mass transfer uncertainties. The prior uncertainty ranings of

and SN parameters (Figre 2-8) emphasized the level of effort for DNAPL delineation required

for adequate model parameterization.
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Figure 2-7. Prior and posterior parameter contributions to TOR uncertainty in the mixed experiment.
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Figure 2-8. Prior and posterior parameter contributions to TOR uncertainty of heterogeneous experiment.

2.8.2.3.DataWorth Analysis

The worth of TCE monitoring profiles of the mixed and heterogeneous experiments is shown in
Figures2-9 and2-10, respectively. Both figuresxpress data worth on theakis as a percent
reducti on amda n dicrlisée dJable-2)préspedtively, by individual monitoring
measurements. Figureés9a and2-10a indicate the worth of individual measurements for

constraining prior TORI n ¢ e r t 1@r), wheneas Figure2-9b and2-10b depict increases in
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posterior (const r aftorhcaused byldat® remonat. As shown in Eiggwe ( G 0
10, a tendency of increasing data worth in the mixed experiment started at point C, wiwsi the
mass transfer are@qxy) was sufficiently reduced to onset dissolution tailing. Similar prior and
posterior datavorth trends in the mixed experiment suggested that peak concentrations emanating
from gangliadominated accumulations do not constra®R. In turn, the RUVR of pool mass
(~70%) andJr, (~60%) controlling TOR uncertainty was attributed to TCE monitoring after point

C (Figure2-9), highlighting the benefit of histomnatching for characterizing sites with aged
source zones and simple laitectures. In these experiments, point C represents a roughomid

for the DNAPL TOR despite an 80% reduction in the total DNAPL mass.
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(b) 0 Normalized TCE Measurements
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I 80% :?El —=—TOR variace increase (Removal of
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Figure 2-9. Worth of monitoring data for constraining TOR uncertainty of the mixed experiment shown in Zigure
2a: a) Decrease in prior uncertainty with addition of individual TCE concentrations. The filled data points highlight
the greatest information content fi@ducing prior TOR uncertainty. b) Increases in posterior uncertainty with data

removal. Points A, B, C show DNAPL depletion images measured by DiFilippo et al. (2010).

Figure2-10a shows the worth of breakthrough inflection points along the TCE mogittuine

of the heterogeneous terxp€&he ment srédrdepgreagekcuneh r &t h a
coincided with point A, indicating the onset of rapid dissolution of DNAPL mass accumulation 1b

after mass 1a was completely dissolved. The second@éatorreduction occurred during a

slight increase in TCE concentrations, reflecting an increagbtbugh mass 2 after mass 1B was

di ssol ved. T hw®rrddictoa (FigupselaOkas) aakninbieaded(Figur@-10b)

coincided with thefinal stage of DNAPL dissolution associated to mass 3. These results
highlighted disadvantages of predicting future system behavior from limited monitoring profiles,
corresponding to situations where remaining source architectures and heterogeneities yetve

been reflected in historical dissolution trends.

31



(a) (b)

100% ® 100%
@ ¢ Normalized TCE measurements E b ¢ Normalized TCE Measurements
3 o . .

g 80% P ——TOR variance decrease T) g 80% P —e—TOR variance increase
@ o° > 54
°> o o g © ©
E 60% F oo S 60% [ o
£ o © o o o

<
<] 00 S 0% 0
S 40% ™~ b |
i 082, '9 RIS
o [ g
= g o O X,
» 20% ® = 20% | < oo, Cnn O
2 . e’ g A @ @ 0P %
-9 B o

o C\¢

0% 1 1 = 0% L I A i 2w
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Time (days) Time (days)

Figure 2-10. Worth of TCE dissolution measurements for reducing TOR uncertainty of the heterogeneous experiment
shown in Figure@-2b: a) Decrease iprior uncertainty with addition of individual histerpatching constraints. The
filled data points highlight the greatest information content for reducing prior TOR uncertainty. b) Increases in

posterior uncertainty with data loss. Points A, B, C showDiRAPL depletion measured by DiFilippo et al. (2010).

2.8.3.Nonlinear Uncertainty Analysis

Figure 2-11 indicates that all prior and posterior source dissipation timeframes of the mixed
experi ment i ncl omdred7.9tddys. Affipostedoe andlySeR andgrestimated the
initial DNAPL mass in the mixed experiment by ~11%, yet the known value of 17.2 g was included
within 95% confidence limits (results not shown). The average estirGitendS,\ values were

4% and 0%, respectively, consistent with initial experimental conditions (Figna&). Prior and
posterior TOR uncertainties in Figu#el 1 demonstrated the utility of VA modeling for estimating
unbiased depletion timeframes a priori, by leveraging DNABlinedion or limited monitoring

data pertaining to source zones with relatively simple architectures and flow conditions.
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Figure 2-11. Prior and posterior TOR PDFs of mixed experiment. Posterior A and B were estimated by history

matching TCE concentrations through day 11.7 and 20 (FRyaf3, respectively.

The stochastic optimization of the heterogeneous experiment models underestimated initial
DNAPL mass by ~7%, with 95% confidence limits encompassing the injected amount of 20.4 g
(results not shown). As illustrated in FiguBel2, posteriorSN uncertaintes reflected the
averaging by model resolutions required to histoatch the complete TCE dissolution profile

and quantify TOR uncertainty (Figura-13). Figure 2-13 shows all posterior TOR PDFs
encompassing the Atrueo T ORhobfinal BNBAPL6dissblatiprs |, emp
stages for constraining TOR with various model resolutions. However, the 2M and 3M models
required removing peak TCE concentrations from day O through day 9 (Rid4ie Not doing

so did not impact the accuracy of estimated DNAPL mass, but resulted in an artificially low initial
SN of lumped mass 1 from inadequate parameterization complexity (results not shown). Sufficient
source architecture parameters are thereogssary to assimilate complex dissolution profiles to
avoid misleading injecticihased remedial designs.
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Figure 2-13. Prior and posterior TOR PDFs of the heterogeneous experiment conceptualized by 2, 3, and 4 DNAPL

accumulations.
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Figure 2-14. Posterior model ensembles of the heterogeneous experiment corresponding, tB(A3, and (C) 2

DNAPL accumulations.

Figure2-15 shows prior predictive PDFs approximated v@{hconstraints assuming availability

of HRSC data to inform model parameters. The @ilrconstraints for this analysis correspond
Figure2-1 2 . Despite |l ow probability der-286days,s, al I
suggesting that even a lewsolution model (2M) accounting f&" distributions along the flow

path can predict unbiased source dissipation timeframes. However, Bigbréeepicts biased
posterior 2M PDF srortresultidg frorg mdnitoring data lassichietiore with
neddequate parameterization complexity. Unl i ke

enhancement factor 0 r e fhrowk the toarsegensi @noitting ¢ghate d v

parameter from the 3M model ( f tbrestimaged fromthat a v
entire TCE profile (Figureg-14 and2-1 5) . H orvr@ v emor@dimated from partial TCE
profiles were al so -y amdhethonmenoteid incfease enl TICEH i n g

concentrations from day 15 through day 20 could noepeoduced (results not shown). Hence,

the unbiased Posterior A and B results of the 3M model, shown in Rgiesuggested that in
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addition to adequate representation of DNAPL distribution along the local flow path,
parameterization of flow field hetageneity is also necessary to avoid biasing model estimates

through historymatching of multistage and nonmonotonic dissolution profiles.
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Figure 2-15. Probability density functions of TOR approximated with 2M and 3M models of heterogeneous
experiment. Posterior A and B PDFs were estimated from partial TCE monitoring profiles through day 14 and 20,

respectively.

2.9.Conclusions

This work demonstrated a ptacal approach for estimating DNAPL dissolution timeframes
coupling upscaled modeling with uncertainty analysis methods. Assimilation of monitoring data
may induce model predictive bias without sufficient parameterization complexity representing the
DNAPL source, including sequential dissolution of DNAPL accumulations distributed along the
flow path. In both experiments, saturation parameters and transverse dispersiordohpioated

DNAPL accumulations controlled the source zone longevity, and weréraioesl by tailing of

final dissolution stages despite their negligible sensitivity with respect to measured effluent
concentrations. Because the VA model provides TOR as a direct output, FOSM analyses can be
used to guide site characterization effortcémstrain prior, or remaining posterior parameter
uncertainties responsible for predictive TOR and mass discharge/flux uncertainties. As
demonstrated with the heterogeneous source zone experiment, field mapping of aquifer hydraulics,
and/or estimation ofairce zone architecture using physicdipsed inversion methods can be
leveraged to refine site conceptual assumptions encapsulated in VA model parameters. This

includes direct constraining of transverse vertical dispersivity at the source zone seattessg

36



of DNAPL saturation, differentiating its contribution to DNAPL dissolution from macrodispersion

at the contaminant plume scale.

Local groundwater velocity and source zone dimensions had a prominent impact on mass
discharge and DNAPL persistencehase of their scaling role on mass transfer processes. Hence,
these parameters require constraining by monitoring and site characterization scales, promoting
adequate dilution and flow bypassing effects on DNAPL dissolution. Conversely, saturation
paramegrs of ganglisdominated DNAPL accumulations, which may not be directly measured at
field sites, did not impact source longevity timeframes when pools were present. Yet their
influence on peak discharge concentrations justifies their parameterizationidoeasoneous
estimates of DNAPL saturation distributions and mass discharge rates. Although accurately
simulating mass discharge was possible with increased resolution of source zone architecture,
exclusive designations of ganglia and pool fractions ofABN may be inadequate for mass
transfer modeling. The higsaturation DNAPL accumulation embedded in the coarse sand lens of
the heterogeneous experiment, controlled the source zone longevity without dispersive mass
transfer. Moreover, lumping the downgiaat saturations and ignoring flow field heterogeneity,
biased lifespan estimates of the heterogenous source zone and degraded the replication of
nonmonotonic DNAPL dissolution tailing. While this level of characterization detail may not be
available for ontaminated sites, upscaled modeling and stochastic uncertainty analyses of site
conceptual assumptions can support-baked decision making through data assimilation and

predictive hypothesis testing with a physical mass transfer basis.
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2.11.Data Availability Statement

A copy of the VA model executable and input instructions can be requested from Praxis
Environmental Tech., Inc. attps://www.praxisenviro.com/contactThe SENSAN, PWADJ2,
PREDUNC, GENLINPRED, and PEST software utilities used for sensitivity and linear
uncertainty analyses are available fdtps://pesthomepage.org/progranithe PESTPRES

software used for ensembbased parameter estimation and nonlinear uncertainty analyses is

available at https://www.usg.gov/software/pesoftwaresuiteparameteestimation

uncertaintyanalysismanagemenbptimizationrand (version 5.1.6 was used and the source code

is available omnttps://github.com/usgs/pestpp/releases/tag/p.Except for the datavorth results

figures, figures in the results and discussion section were produced with the Matplotlib
(https://matplotlib.ord/ version 3.5.1 and Seaborhttps://seaborn.pydata.oygversion 0.11.2

libraries using the Python programming laage. Data is supplied in an excel file for peer review
purposes and will be archived in an online repository maintained by Virginia Tech with a unique
DOI number.
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Chapter 3. Numerical modeling anddata-worth analyss for characterizing the

architecture and dissolutionrates of a multicomponent DNAPL source

This chapter waaccepted for publication Water Resources ReseamhMay 03 2023.
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3.2.Key Points

1 Aqueousphase concentrations monitored in a field experiment were simulated to quantify
NAPL distribution and dissolution rates

1 Depletion profiles of the most soluble DNAPL component accurathgtrained thgource
zonearchitecture

1 Multiscale heterogesity of source zone architecture controlled the uncertainty of estimated

mass transfer coefficients

3.3. Abstract

A numerical solute transport model was calibrated to a-tegblution monitoring dataset to
characterize a multicomponent source of nonaquebasepliquids (NAPLs) and evaluate the
uncertainty of estimated parameters. The dissolution of NAPL mass was simulated using
SEAM3D with parameter zones including adjustable NAPL saturations and mass transfer

coefficients, representing the heterogenous imciure of the source zone. Source zone
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parameters were simultaneously estimated using PEST from aeplegses concentrations
measured in a multilevel monitoring transect and from mass recovery rates measured at extraction
wells during a controlled fieléxperiment. Datavorth analyses, facilitated by PEST ancillary
software, linked maximum aquecepbase concentrations of all compounds to reductions in the
pre-calibration uncertainty of mass transfer coefficients. In turn, decreasing concentrations of the
most soluble NAPL fraction constrained the source mass estimation. The accurate estimation of
model parameters was possible by removing concentrations measured during early NAPL
dissolution stages, identified as drivers of model bias using the iteratesnble smoother
PESTPRES. Although uncertainty analyses highlighted model limitations for representing sub
grid-scale heterogeneity of NAPL distribution and mass transfer rates, final stages of NAPL
dissolution measured at multilevel ports eliminatedapeater bias and produced letegm
projections of multistage source zone depletion . Including mass discharge rates for model
calibration further improved the accuracy of estimated residual source mass, complementing

multilevel monitoring constraints ohe saturation distribution and mass transfer coefficients.

3.4.Plain Language Summary

Predicting the persistence of groundwater contamination by densaqgueous phase liquids
(DNAPLS), such as chlorinated solvents, is crucial for effective environmeetedustship. The
dissolution behavior of DNAPL source zones depends on the contaminant mass distribution within
hydrogeologic systems, referred to as the source zone architecture, which cannot be measured
directly at contaminated sites. We investigated thegmwof highresolution monitoring of aqueous
concentrations during a controlled field experiment for indirectly characterizing a multicomponent
DNAPL source zone, including its architecture and dissolution behavior. Our methods coupled
numerical modelin@f groundwater flow and contaminant transport with parameter estimation and
uncertainty analysis techniques. Parameter uncertainties were linked to the variability of DNAPL
dissolution rates observed at multiple scales of monitoring resolution, includimgitidevel
transect and groundwater recovery wells. While early agueous concentration peaks were identified
as drivers of model bias, the depletion profile of the most soluble DNAPL component accurately

constrained the estimated source architecture asdldtion behavior. Hence, our characterization
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approach can benefit remedial designs for managing DNAPL source zones undergoing final

depletion stages at sites with monitoring histories.

3.5.Keywords

DNAPL source zone, numerical modeling, uncertainty gtieation, DNAPL mass transfer,

source zone architecture, contaminant mass discharge

3.6.Introduction

Remediationand longterm dissipationof contaminant source zones comprised dense
nonaqueous phase liquids (DNA$}lin the subsurfacencompassegchnical challenges related

to uncertaing of DNAPL spatialdistribution and dissolution ratéKueper et al., 2014; Mayer &
Hassanizadeh, 2005; NRC, 2005). Entrapped DNAPL mass and saturation distributions in the
porous medium, referred to &she source zone fAarchitectureo,
sourcezone longevity and depletion behavior (Dekker and Abriola, 2000; DiFilippo & Brusseau,
2008). Typical multistage and nonmonotonic depletion profiles observed in monitoring data reflect
the gradual dissolution of NAPL accumulations with characteristic saturations (Brusseau et al.,
2013; Kokkinaki et al., 2014; Stewart et al., 2022). Accumulations ofsktwration ganglia
allowing for groundwater flowthrough account for peaks of dischargoncentrations at early
NAPL dissolution stages, whereas higdituration pools with negligible hydraulic accessibility
account for dissolution tailing at the final stages of a source lifespan (Christ et al., 2010; Kueper
et al., 2014; Yang et al. 2018)hus, estimating the depletion behavior and remedial timeframes
of a source zone requires knowledge on NAPL architecture, which is difficult to characterize with
direct observation methods (Engelmann et2019), but can be estimated from field tests and
monitoring data using mathematical models of NAPL dissolution (Falta,e20fl5a, 2005b;
Stewart et a).2022).

Numerical modeling methods coupling groundwater flow and contaminant transport with NAPL
dissolution have been used to estimate saturdigiributions and mass transfer rate coefficients
from monitoring datgFrind et al., 1999; Mobile et al., 2012; Saenton & illangasekare, 2004).
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Researchers have focused on estimating NAPL architecture or depletion timeframes from
syntheticallygenerated @urce zones and aquegpisase concentrations using several
mathematical approaches to simulating mass transfer. Several studies considered either a local
equilibrium assumption (LEA) or Gillan8herwood models of interphase mass transfer (Kang et
al., 202h, 2021b; Marble et al., 2008; Saenton & lllangasekare, 2004). The applicability of LEA
in decisionsupport models is questionable because heterogeneity of aquifer hydraulic properties
and DNAPL architecture can induce flow bypassing and mass transfénmgéons, resulting

in nonequilibrium concentrations typically observed at field sites (Falta, 2003; Kokkinaki et al.,
2013; Powers et al., 1992, 1994). Similarly, GilleBllerwood models rely on correlations
between empirical coefficients and soil jide sizes that were determined under specific bench
scale conditions, which may not be applicable to fsgdle problems with different hydraulic
conditions (Powers et al., 1994; Saenton & lllangasekare, 2007). Additional uncertainties on LEA
and Gillard-Sherwood models include grid discretization requirements, as both approaches have

been validated with porscale experimental data (Agaoglu et al., 2015; Falta, 2003).

Upscaled models have been developed to simulate NAPL dissolution kinetics ovesamtgiive
elementary volume (REV) incorporating source zone mefGtsist et al., 2010; Marble et al.,
2008; Parker & Park, 2004; Saenton & lllangasekare, 2007; Stewart et al., 2022; Zhu & Skyes,
2004) These metrics include NAPL mass and descriptions of source zone architecture in the form
of areal dimensions of NAPL accumulations or the gartighaool (GTP) mass ratio metric
(Abriola et al., 2013; DiFilippo & Brusseau, 2011). Because these metriddfanalt to measure

at contaminated sites, upscaled models incorporating a spatajiyng lumpeeprocess mass
transfer coefficient have also been used to interpret monitoring data and predict source depletion
timeframes (Guo et al., 2020; Marble et 2D08; Mobile et al., 201Park & Parker, 2005). These
models simplify the heterogeneity of porous media, aqupbase velocities, NAPL architecture,

and dispersivity, into a single lumpg@docess parameter at the REV scale (Falta, 2003; Imhoff et
al., 1993; Luciano et al., 2018). Although scdiependent mass transfer rate coefficients may
simplify grid discretization requirements, the parameterization of NAPL source zones for inverse
numerical modeling and uncertainty quantification with spatiediyelated random parameter
fields is not straightforward (Arshadi et al., 2020; Kang et al., 2021a, 262k & Nowak,

2015, 2016)
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Given that NAPL source zones have complex spatial morphologies with sharp saturation
transitions at fine scales, traditionalerpolation and geostatistical methods used in groundwater
flow modelingmay be not suitable for parameterizing NAPL source zones (Arshadi et al., 2020;
Kang et al., 2021a). Alternative methods proposed for parameterizing NAPL source zones include
deeplearning algorithms trained with images of saturation distributions generated with multiphase
flow simulations on highlresolved permeability fields (Arshadi et al., 2020; Kang et al., 2021a,
2021b), posing additional data requirements and uncertaimtigsrous media characteristics and
model parameters (Abriola, 1989; Agaoglu et al., 2015; Miller et al., 1998). Moreover, these
parameterization methods have been tested with synthetigailgrated source zones to estimate
categories of NAPL saturationsrough inverse modeling conditioned by borehole data (Arshadi
et al., 2020), or by agueoyphase concentrations under LEA (Kang et al., 2021a, 2021b). Although
these methods can generate physidadlged, spatialbgorrelated categorical parameters, they a

computationally expensive and require further validation and verification with field data.

Numerical models with parsimoniously parameterized source zones have proved useful for
characterizing NAPL architecture and/or lumg@dcess mass transfer coeitnts (Marble et al.,

2008; Mobile et al., 2012; Saenton & lllangasekare, 2004). Moreowerbining multilevel
monitoring with recovery ratesf contaminant mag®r with conventional monitoring wellgan

be valuable for characterizing heterogeneous PMA architectures, as spatialyarying
contaminant fluxesnay be mapped to soil horizotarboring NAPL maswithin a source zone
(McMillan et al, 2018) Several studies have incorporated Gill&tterwood or upscaled mass
transfer functions in discretizad APL zones or in dualomain models to estimate gisdale
parameters from multilevel monitoring data and/or mass discharge/flux measurements (Christ et
al., 2006; Falta, 2003; Frind et al., 1999; Guo et al., 2020; Mobile et al., 2012; Park & Parker 2005;
Saenton & lllangasekare, 2004). Although previous investigations have demonstrated the utility
of parameterization parsimony for characterizing NAPL source architecture and dissolution rates
with inverse modeling, the uncertainty of gedale parametewising from the assimilation of

high-resolution monitoring data has not been investigated.

A primary objective in this numerical modeling study was to evaluate the worth of aepleases

concentrations monitored at a multilegaimpling (MLS)transectm combination withotal mass
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discharge(MD) rates toquantify and reduce the uncertainty tiie mass, architecture, and
dissolution rate®f a multicomponent DNAPL sourc&he field experiment considered in this
study involved the creation a smatlale surce zone with a heterogeneous architecture at the
Borden experimental site (Broholm et al., 1999). Broholm et al. (2005) quantified the initial mass
of the DNAPL mixture using multicomponent NAPL dissolution theory and mass balance
analyses. Mobile et a(2012) estimated the source architecture and dissolution rates from MD
profiles and from a single, incomplete MLS nest, using an inverse modeling technique. They
constrained the initial NAPL mass by the known amount and the source zone dimensions by the
measured poséxperimental footprint (Mobile et al., 2012). Our study expanded on both previous
analyses by incorporating the entire MLS transect to infer the source footprint and to quantify
initial NAPL mass, saturation distribution, and massisfer rée coefficients, while examining
causality of parameter uncertainty. A secondary objective was to investigate model limitations for
reproducing the observed system behavior, further elucidating upon monitoring data assimilation
for source zone characterimn with inverse numerical modeling, while minimizing the

propensity for biasing timeframes of source zone persistence.

3.7.Materials and Methods

3.7.1.0verview of Field Experiment of Multicomponent DNAPL Dissolution

This studyincorporated a datasdbcumentingthe dissolution of a DNAPL mixture in a field
experimentiBroholm et al., 1999)At the Borden experimental site in Canada;laeb (7.7 kg)
mixture of dyed solvents (10%hloroform [TCM], 40% trichloroethylene TCE], and 50%
tetrachloroethyleneHCH by volume) was injected at approximately 0.05 m below the water table
into a 55 M (5.5 m long x 4.5 m wide x 2.m deep) unconfined aquifer test cefigure 3-1)
underlain by a 3n thick clay aquitardThe Borden aquifer isompised ofclean, wellsorted,
medium to fine-grained lacustrine sand with occasional beds of coarse sand/gravel and silt
(Broholm et al., 1999)Although the aquifer is considered relatively homogeneous, the primary
sedimentary structure is characterizgd Horizontal laminations ranging from several mm to
several cm in thickness, with commordgcurring cros$edding and convoluibedding features
(Rivett et al., 2001). The median grain sizes range from 0.07 to 0.69 mm with very low clay
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fractions, while gain roundness ranges from subangular to-veelhded, with an average and
uniform aquifer porosity of ~33% (Mackay et al., 1986). In the test cell, the hydraulic conductivity
exhibited minimal spatial variability in the shallow region where the DNAPL wetsased
(Broholm et al., 1999; Mobile et al., 2012), with an average value of ~2 m/d (Table A
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Figure 3-1. Configuration of aquifer test cell. (a) Plan view indicating the location of the groundwater
injection/extraction systems, NAPL release point, and MLS nests. (b)-8zoenal view of the MLS transect
indicating the average depth of the water tableGa48 m (Broholm et al., 1999) and the approximate source zone

extent.

Groundwater flow through the test cell, boundatérally by sheet pilingon four sideswas
maintained by a network @ive upgradieninjection andfive downgradienextraction wellsThe

distance between the injection and extraction networks measured 4.9 m (Figui@8 network
wasoperaedat approximately 360 L/d, generating a mean groundwater velocity of 0.13 m/d and
horizontalhydraulic gradient of 0.023 + 0.0024. Fleveighteal concentrations were monitored at

the extraction wells with screen lengths spanning the average height (1.82 m) of the saturated zone
for 291 days. Aqueodghase concentrations watsomonitoredfor 220 days in a fence of MLS

ports Figure3-1) locatedapproximately 2.1 m downgradient from the DNAPL release location.

The horizontal spacing of MLS ports was 0.5 m with a vertical spacing of Owlitmscreen

lengths less than 1 cnffter 220 days of natural dissolution monitoriray,5.5day pulse of
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methanol was injected in the test cell to evaluate dissolution enhancement processes (Broholm et
al., 1999, 2005)The cell was excavated 291 days after the mixture release to map &fLDN
distribution over &cm vertical interval¢Broholm et al., 1999)

A previous investigation by Broholm et al. (2005) integrated MLS concentrations and discrete
groundwater velocities, estimated from a tracer test, by -sexdsonal areas represented by the
vertical (10 cm) and horizontal (50 cm) port spacings (Fige2e)3They used multicomponent
dissolution theory with the ML$tegrated initial concentrations, calculating a source depletion
curve to fit the observed trends and thereby estimate the initial DNAPL mass. While the MLS
integrated approach estimated 6.7 Kgplging the same method to the effluent data resulted in

7.5 Kg. The latter was more accurate because the effluent data was less susceptible to water table
fluctuations as compared to discrete measurement uncertainties, capturing the -plsasdve
plume ketter (Broholm et al., 2005). The authors attributed differences with the initial injected
mass of 7.7 Kg to minor volatilization losses, particularly of TCM, at times when the water table
was low. Given that all aqueous concentrations were below equifibfBroholm et al., 1999,

2005), these studies suggest value in numerical modeling of solute transport and kinetic mass

transfer for leveraging all available data within a quantitative uncertainty analysis framework.

3.7.2.Numerical Modeling of Groundwater Flow and Contaminant Transport

A steadystategroundwateiflow modelwas developed with MODFLOW2000 (Harbaugh et al.,
2000). The aquifer test cell was discretized in 23 layers with uniform grid blocks measuring 10 cm
along all dimensions (Figas 32 through 34). As shown in Figure-2, the extent of the model
domain matched the size of the test cell along the vertical dimensiaxifZand the horizontal
dimension perpendicular to the flow direction#&Xis). The downgradient dimension-gxis) of

4.9 m represents the distance between the injection/extraction wells (Fgu@dhstant values

of hydraulic conductivityflow boundary conditions, and transport parameters were asdigned
match field conditionswhich were characterized wittater tests and soil cores by Broholm et al.
(1999) and analyzed with numerical modeling in Mobile et al. (2012). Model layers 1 through 3
were inactivated because the water table fell below the elevation of layer 3 during the monitoring
period. Model laye4 encompassed MLS port 504, which showed evidence of NAPL presence at
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0.4 m below the top of the aquifer test cell despite the reported average depth of the water table

during the experiment at ~0.48 m (Broholm et al., 1999).
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Figure 3-2. Overview of discretized aquifer test cell. (a) Plan view of the source zone and MLS nests, with-constant
head boundary conditions representing the stetate flow conditions maintained by the injection/extraction wells,
separated by 4.9 m (Figusel). (b) Crosssectional viewperpendicular to the flowirection. (c) Crossectional view

parallel to the flow direction. All grid blocks measure 10 cm in every direction. The shown model layers represent the

saturated aquifer.

Dissolution of the multicomponent DNAPL source and aquégbiase contaminantnsport were
simulated with SEAM3D (Waddill & Widdowson, 2000). Interphase mass transfer[M*Jwas
simulated using a linear driving force model:

~

b Q8 & (3-1)
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wherek [T]is a lumped mass transfer rate coefficient specific to each NAPL phase constituent
i, Ci®[M L3 is the equilibrium solubility calculated accordingRa o u | t, &anslCi [M & Wis
the aqueous phase concentratiiguation 31 is coupled in SEAM3D to the following

relationship representing NAPL dissolution from the soil medium into the aqueases pha

O Qo

(3-2)

wherey, [M L] is the bulk density of the soil ar@N [M M ] is the NAPL mass of compournd
per unit mass of dry soil. A modified version of SEAM3D incorporates the upscaled NAPL
dissolution model developed by Parker and Park (2004) to simulate transient mass transfer rates:

(3-3)

whereki o\ = initial mass transfer rate coefficient{[[ rj = average Darcy velocity [L], 0 =

average hydraulic conductivity [L"I, M(t)/Mo = transient ratio of NAPL mass [M #, Uandb

are dimensionless empirical parameters. Previous investigations have reported a linear relationship
betweerkN andrj, with U= 1 (Parker& Park 2004; Park& Parker 2005).The transient mass

ratio raised to the empirical depletion exporfergpresents a reduction of NAPL/water interfacial
areas over time, regulating tailing of discharge concentrations with reducing mass transfer rates as
the source mass is deplet®cker& Park 2004; Stewart et al., 2022). A previous modeling study

of the same Borden experiment indicated model insensitivity toeélponent, attributed to a lack

of extensive monitoring of decreasing discharge concentrations (Mobile et al., 2012)worthi

both theUandb parameters were set to zero to focus the uncertainty anavdettaanalyses on

the spatiallyvariableparametes ki o™ andCo". AdjustingCoN parameters allowed to estimate the

initial mass MM [M]) of the entire NAPL mixture and quantify its uncertainty, as SEAM3D
generates an output of remaining NAPL mass in the source zone every time step using Equation

3-4, by adding the mass of all grid blocks whe@¥parameter value was assigned:
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0 w 0 ? (3-4)

whereVWN [L3] = NAPL zone volume. The source zone was represented with 23 NAPL zones
(Figures 3-3 and 34) positioned upgradient of MLS ports which showed contaminant
breakthrough, suggesting the upgradient presence of NAPL mass (Figuyrgés,3and 37). Each

NAPL zone was comprised of 25 grid blocks (Figureés&hd 34) and was assigned onerpaf
adjustable parameteilg] andCo", representing uniform mass distribution and dissolution within
each NAPL zone. The areal dimensions of all NAPL zones were designed as 0.5 m x 0.5 m on the
horizontal plane representing the horizontal spacing of [du$s, whereas vertical layers of 0.1

m represented the vertical spacing between ports. The location of NAPL zones was determined by
contaminant travel times analyzed from MLS breakthrough data. Overall, the source distribution
in the model encompassed:tbbserved posixcavation footprintKigures3-3 and 34), which

likely developed through vertical and downward NAPL migration throughout the experiment
(Broholm et al., 1999, 2005).
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Figure 3-3. Grid-scale NAPL zones in model layers 4 through 7. All NAPL zones measured 0.5 m x 0.5 m on the
horizontal plane, encompassing 25 grid blocks. Model layers measure 0.1 m aloraxtbeepresenting the vertical
spacing baveen MLS ports. The posixperimental NAPL footprint mapped in 0-8% vertical increments
(excavation layers) by Broholm et al. (19%9included for reference.

54



-

3

= -
T T 9.1
I[]ll |
| — 92
. T
A08.
-

£y

R

3

£

%

%

%

%

23

L

E

1111 I
I . -
i 102 [ ‘!ﬂ 1.1 |
111 n o
I n T
% 103 |2 ﬁ i 11.2 i
W u ‘w I
i
11
11
11
=
1]
12
|
-
£

Figure 3-4. Grid-scale NAPL zones in model layers 8 through 12.
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3.7.3.Parameter Estimation and Uncertainty Quantification

For each NAPL zoneCo and k" were simultaneously estimated from monitoring daia
addition,two globalko" multipliers to identify compoundpecific mass transfer coefficients for

TCE and PCEKrce,d' and kece,dY) were estimated as multipliers kfcwd' for a total of 48
adjustable source zone parameters. Histoayching targets included 1,556 measuremehts o
dissolved TCM, TCE, and PCE concentrations monitored at the MLS transect (Fitjy@u8 of

4,770 measurements comprising the entire MLS dataset. The 1,566 MLS targets corresponded to
23 ports including concentration measurements through 130 dayssd-&fy 3-6, and 37), when
extraction well redevelopment abruptly increased the water table by 1 m causing significant data
noise through 220 days (Broholm et al., 1999; Mobile et al., 2012). These MLS targets were
grouped by sampling port and a weiglitlowas assigned to each agquephase concentration
measurement within each port. Additional constraints included 78 measurements of mass
discharge rates monitored at extraction wells for 220 days (before methanol remediation was
implemented). Mass disclge measurements were grouped by contaminant (i.e., three MD
groups) and assigned uniform weights, balancing the initial error contribution of each group to the
objective function ). Specifically, individual measurements of MD were assigned a weight of
250 within the TCM and TCE MD groups, whereas individual PCE MD measurements were
assigned a weight value of 500. This empirical weighting strategy was designed to balance the
visibility of MD groups with MLS ports fofi minimization, conferring componespecific MD

groups equal consideration for parameter estimation given that measured PCE MD rates were
lower than TCM and TCE values.

An initial parameter estimation with PEST_HP (Doherty, 2020), which uses a parallelizable
gradientbased optimization pross, only included the MLS targets. AN andCoN parameters
were logtransformed to facilitate the nonlinear optimization process. BoundYgrarameters

were designed as a function of initial NAPL saturati& [%]) of the pore space calculated as:

(3-5
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whereyn [M L] is the NAPL density and is the soil porosity. Bounds f@o\ parameters were

set as 0.05 &" (%) < 25 for most NAPL zones, and as 0.0%%(%) < 5 for NAPL zones below
layer 10 and in layer 4. The prior (phestory matching) NAPL mass value wag as ~120 %
greater than the known initial mass (7.7 kg). This prior value was established to evaluate whether
initial history-matching of MLS data with PEST_HP could result in a total NAPL mass estimate
close to the known value. Bounds forkall (kotcm") parameters were set as 0.0&%(d™) < 7.5
following an orderof-magnitude range obtained through a simplified mass transfer correlation
defined in Frind et al. (1999), where the dissolution of a taogde DNAPL mixture in the Borden
aquifer wa simulated using a similar grid scale. Boundskifrcompoundspecific multipliers
were kept consistemtith ratios determined by Mobile et al. (2012) as 0.95¢e'< 1 and 0.8 <
ko,pce' < 0.95.

The posterior uncertainty of NAPL mass w@santified with the iterative ensemble smoother
PESTPRES (White et al., 2020). PESTRES undertakes Mort€arlo sampling of parameter
uncertainty bounds generating ensembles which are upgraded with the-L@&amisiserg
Marquardt (GLM) optimization algahm. Rather than fitting simulation results to data, PESTPP
IES can generate observation ensembles considering agaustsian distribution of measurement
noise) (Whit e, @asHdinedasB% of measufed values. This stochastic approach
wasused for historymatching of (i) MLS data only, and (ii) both MLS and MD data, quantifying
the posterior uncertainty of paramete®s'{ koN) and predictionsMo"). In the following sections,
Model A = optimized with PEST_HP using MLS data omigdel B = optimized with PESTRP
iIES using MLS data only, and Model C = optimized with PESTE®combining MLS and MD
data.

Parameter bounds were used to define 95% confidence intervals efjaudsian prior probability
distributions (PDF) of model pareeters, assuming statisticalljmcorrelated NAPL zones. The

upperCo" bounds for NAPL zones were reduced from 25% to §8%and initial parameter values

were set from PEST_HP results. Prior to parameter upgrading, PEESRdertakes a prior

based Monte Car |l o -chantad ycsa rsf Itioc tded e(cRD@)p.r i ohre s €
that cannot be simulated by coveringam@rement realizations, created by PESPPS us i ng 0

values with randomized model realizations (White et al., 2020, 2021). All PDCs flagged by
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PESTPRES were removed to eliminate model bias induced by history matching. Otherwise,
erroneous parameter te¢ t s woul d compensate f eate NAPLO d e | d
dissolution below the grid resolution and NAPL migration) and data noise, lumped together as
Amodel error o, bi asing model predictions ( Whi
PESTPRES tracks the evolution of a "base real
corresponding to the initial parameter realization upgraded witli@emsembles. Estimates of

NAPL mass removed by natural dissolution produced by Model A were comparedtatesti

generated with the posterior base realization of Models B and C.

3.7.4.Data-Worth Analysis

Firstorder seconanoment (FOSM) analysis was used to evaluate data worth for reducing the
uncertainty of model parameters and predictions through histatghing The GENLINPRED

and PREDUNC utilities from the PEST software suite (Watermark Numerical Computing, 2018)
were used for FOSM analyses. The primary assumption in FOSM analysis is model linearization
(Equation 35):

i HI (3-6)

which states that a vector of measurements of systembsi@gueougphase concentrations)

equals the action of the modél( J acobi an sensiti vgt) bryaveowrtof i x we
parameterk plus a vector of measurement ndi{Boherty, 2015 | n t b'was catcwaased , G
on the basis of misfit between measurements and model outputs using thdddegTutility
PWTADJ2 (Watermark Numerical Computing, 2018) after histmigtching. GENLINPRED and
PREDUNC calculate the posterior uncertainty variance of model parameters through covariance

propagation:

# 0 #1 z#10 H'HT H  # He i (37

where the posterior covariance mattixk) is obtained through histompatching (Doherty, 2015).

In this case, the prior covariance matriXkIC{s diagonal with no spatial correlations between
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NAPL zones. The estimated initial NAPL mass, a SEAM3D output, was treated as a linearized

model prediction:
i of (3-8)

wherey is a vector of sensitivities of with respect tdk. The prior £s2) and posterior A&@?)

uncertainty variances afwere calculated as:
A 01 o (39
Aae O0#d o (3-10)

The worth ofindividual MLS ports for reducing prior parameter uncertainties was calculated with
model A, whereas the worth of compouspkcific MLS and MD datasets was calculated with the
posterior base realization of model C. Model C was also used to quantify tieoivordividual

MLS and MD measurements and to quantify the relative uncertainty variance reduction (RUVR)
of each parameter)( defined as:

YYOY p (3-11)

where (i are prior parameter variances encapsulated k) @4d dG? are posterior parameter
vari ances e xk)(baherty, 80d5).f r om CO06 (

3.8.Results and Discussion

3.8.1.Parameter Estimation and Uncertainty Quantification

A comparison of estimated NAPL mass &multipliers is presented in Tablel3 In general,
the known NAPL mass (7.7 Kg) was underestimated {6/42 Kg) when historymatching to
MLS data only, particularly with gradieitased optimization (PEST_HP)nAmprovement in the
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accuracy of mass estimation with PESTIEB was achieved through the removal of 206 PDC
values flagged by PESTHBS (Figures &, 36, and 37) comprising 13% of the MLS
constraints. Likewise, 10 PDCs (Figur&Brepresenting 13% tiie MD dataset were also flagged
by PESTPHES and removed for histomypatching. Including the MD constraints resulted in an

excellent agreement with the known initial source mass, which was encompassed by 95%

confidence limits (Table-3). Priorbased Mote Carlo results suggested that emphasizing early

peak concentrations for histemngatching can result in underestimation of NAPL mass and

overestimation (bias) d&" values, leading to underestimation of source dissipation timeframes.

In this case, removing PDC values, rather than modifying the model design, was sufficient to

accurately estimate NAPL mass and constrain mass transfer coefficients.

Table 3-1. Modelestimated DNAPL mass arg" multipliers.

- PEST HP PESTPRES PESTPRES
Parameter/Predictiol
(A: MLS) (B: MLS) (C: MLS and MD)
e = 7. e = 7.
Mass (Kg) 6.367 R R
u = 0 u = 0. :
e (dh) ¢ 099 ¢ 099
1.00 R R
u = 0 u = 0. I
kopce' (d?) e 0593 ¢ 088
0.95 R R
u = 0 u = 0.
€ = mean estimated value. 0 = soamdedictbns@mass). at i on of
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MLS Transect - TCM Monitoring
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Figure 3-5. Comparison of measured (circles) and simulated (lines) aqym@ase TCM concentrations at the MLS
fence. Simulation results correspond to the posterior base realization of model C, including MLS and MD constraints.
Empty circles correspond to concentat ignored for historynatching because of significant measurement noise
induced by water table fluctuations after 130 days of monitoring. The dashed lines correspond to simulated values
beyond 130 days, informed by MD data exclusively. Bifibéd circles are priodata conflicts removed from the
history-matching process to avoid parameter bidse dashed circles emphasize some of the detected PDC values

|l abeled as Ainitial peakso and fAnoiseo.
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Figure 3-6. Comparison of measured (circles) and simulated (lines) agqydmse TCE concentrations at the MLS
fence. Simulation results correspond to the posterior base realization of model C, including MLS and MD constraints.
Empty circles correspond to concetias ignored for histomatching because of significant measurement noise
induced by water table fluctuations after 130 days of monitoring. The dashed lines correspond to simulated values
beyond 130 days, informed by MD data exclusively. fRigell circles are priodata conflicts removed from the
history-matching process to avoid parameter bidse dashed circles emphasize some of the detected PDC values

|l abeled as Abreakthroughd and finoi seo.
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Figure 3-7. Comparison of measured (circles) and simulated (lines) agy@se PCE concentrations at the MLS
fence. Simulation results correspond to the posterior base realization of model C, including MLS and MD constraints.
Empty circles correspond to concetias ignored for histomatching because of significant measurement noise
induced by water table fluctuations after 130 days of monitoring. The dashed lines correspond to simulated values
beyond 130 days, informed by MD data exclusively. Gifdad circles are priodata conflicts removed from the
history-matching process to avoid parameter bidse dashed circles emphasize some of the detected PDC values

| abeled as fAbefore breakthrougho and finoi seod.
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Prior-data conflicts pertaining to each dissolvAPL component were detected at similar
locations along the MLS and MD profiles (Figures grough 38). Most PDCs corresponded to
initial TCM concentration peaks (Figure53, some were detected at TCE breakthrough (Figure
3-6),and a few before PClireakthrough (Figure-3). Most PDCs were attributed to measurement
noise {), encompassing possible sampling/analytical error, water table fluctuations, and/or
dissolution heterogeneities that cannot be simulated explicitly. In addition, the dynamieeavolu

of the source zone architecture by DNAPL migration during the experiment may have contributed
to differences in PDC locations along monitoring profiles on a compeapeaific basis. For
example, PDCs at initial TCM peaks (FigureS 8nd 38) may repesent early ganglia dissolution
favoring TCM mass transfer driven by its relatively high solubility (Equati@), 8vhereas peaks

of TCE and PCE were covered by model ensembles because their dissolution rates were lower
than the DNAPL migration rate. Sp#cally, this explained why DNAPL mass was depleted of
TCM below MLS level X09 (Figure -3) relative to TCE (Figure-8) and PCE (Figure-3).
Relatively late PCE breakthrough below MLS level X09 was also identified by Broholm et al.

(1999) as evidence @NAPL migration with an evolving composition.

In theory, the dissolution of NAPL mixtures has been described as a chromatographic process,
where componergpecific mass transfer zones propagate at different velocities through NAPL
accumulations as a futien of their local solubilities and downgradient length (Geller & Hunt,
1993; Soerens et al., 1998). In practice, the numerical discretization of NAPL zones along the flow
direction may influence the estimation kf" values, as grigcale concentrationragdients
(Equation 31) would also regulate the mass transfer simulation for any presagilfdrcy
velocity) andU_ 1 (dispersivity) values (Falta, 2003; Frind et al., 1999; Hunt & Sitar, 1RR&tt

& Feenstra, 2005). In this work, the horizontal desi@ation was designed for numerical stability

of the aqueouphase transport simulation with a downgradient grid Peclet numbey of Pep X/
U = 2. Although fitting U t parameters to histomnatching targets may account for early
dissolution PDC valueslriving ki o\ uncertainty, PDC removal in this case accurately constrained
the mass transfer simulation and architecture estimation on the basis of-stteadiPCE
dissolution profiles (Figure-20), and the TCM and TCE dissolution tailing profiles (Figurés 3

and 36) representative of the heterogeneous multicomponent source depletion.
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Figure 3-8. Posterior ensembles of MD profiles generated with model C.

Table 31 indicates that botk o™ multipliers estimated with Model A showed a tendency to reach
their upper bounds. Only the valuekede d' estimated with PESTRIES were constrained within

their prior uncertainty bounds (Tablel3. In addition to thé&leffects on potential parameteias,
multistage NAPL dissolution below the MLS scale may have impacted posterior results. For
example, inspecting the TCM signature of ports 506 and 507 in Figbisuggested two slopes

of declining concentrations before 130 days. An initially steepeskietween the concentration

peaks through day 50, followed by a more gradual slope through day 130, suggested heterogeneity
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of NAPL architecture and dissolution below the MLS scale. Despite removing PDCgridub

scale multistage NAPL dissolution canrm® adequately simulated with a single parameter set
(CoM, ko) per NAPL zone. This explained why model A produced lower mass estimates with an
increased propensity for biasing (overestimatkigj,d' parameters (e.g., port 608 in Tabi@)3
whereas model B (PDC targets removed) prodikeedd' values consistent with model C (Table

3-2). Although these results suggested that adoalain approach may have better captured TCM
profiles at MLS ports, amoving PDCs to estimate singlemain parameters accurately
constrained NAPL mass and a consistent range @' values. However, identifying a final

stage of NAPL depletion in monitoring data, such as the TCM profiles in this work, may not be
straighforward in a field setting. In that case, ddamain models with an explicit, physical mass
transfer basis supported by direct source delineation/characterization data (e.g., borehole data,
laser induced fluorescence LIF, membrane interface probe M#gjutfier profiling tools) would
provide an opportunity to estimate NAPL dissolution rates, which may be refined by fitting
monitoring data (Stewart et al., 2022). In either case, performing abased Monte Carlo
analysis would allow for identifying drers of model bias, including removal of PDC values cause

by data noise, or if necessary, refining model conceptual assumptions to simulate observations

without incurring parameter bias (White et al., 2021).
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Table 3-2. Distribution of estimated DNAPL mass and mass transfer coefficients

NAPL  MLS kremo' (day?) NAPL Mass (Kg)
Zone Port A B C A B C
4 404 0.037 0.041 0.041 0.14 0.14 0.15

51 605 0.038 0.029 0.037 0.02 0.02 o0.01
5.2 505 0.102 0.104 0.106 0.59 059 0.64
5.3 405 0.050 0.061 0.067 0.12 0.13 0.13
6.1 606 0.174 0.171 0.175 123 163 179
6.2 506 0.252 0.226 0.236 116 132 143
6.3 406 0.147 0.138 0.131 0.10 0.11 0.13
7.1 607 0.735 0.282 0303 0.79 093 0.96
7.2 507 0.183 0.231 0251 079 081 0.85
7.3 407 0.303 0.255 0.245 0.11 011 o0.11
8.1 608 3.259 0220 0.202 033 035 0.36
8.2 508 0.227 0.254 0.204 0.15 0.17 0.20
8.3 408 0.108 0.115 0.082 0.07 0.07 0.09
9.1 609 0.385 0.019 0.048 0.00 0.00 0.00
9.2 509 0.248 0.196 0.216 0.29 030 031
9.3 409 0.314 0.184 0.171 035 038 040
9.4 309 0.010 0.010 0.066 0.01 0.00 0.00
10.1 510 0.024 0.033 0.016 0.03 0.02 0.04
10.2 410 0.015 0.068 0534 001 0.01 o0.01
10.3 310 0.010 0.015 0.049 001 0.00 0.00
111 411 0.056 0.097 0.081 0.02 0.03 0.02
11.2 311 0.010 0.017 0.084 0.02 0.01 0.00
12 412 0.077 0.109 0.083 0.02 0.03 0.02

Total NAPL Mass (Kg) 6.4 7.2 7.6

A (PEST_HP, MLS only), B (PESTPES, MLS only), C (PESTRFES, MLS and MD)
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Figure 3-9. Comparisons of longerm projections of MD profiles generated with the base parameter realization of
model C (continuous lines) and the modeling results of Mobile et al. (2012) (dashed lines). All projections were
generatedvith b = 0. In both cases, multistage behavior of NAPL depletion emerged from the NAPL architecture,
which was constrained by the known mass and theggsriment source footprint in Mobile et al. (2012). Small

differences in longerm projections of agrce depletion emphasized the importance of constraining the source mass.

Long-term projections of MD using the posterior base realization of Model C (TabjeaBe
compared to the model calibrated by Mobile et al. (2012) in Fig®eiBboth cases, ntistage

dissolution profiles emerged from the spatial distribution of NAPL mass and dissolution rates, as
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MD projections were produced with= 0 (Equation 33). The mass transfer rates shown in Table
3-2 encompassed the same ordEmagnitude range reped in Mobile et al. (2012), although

the values determined in this study were lower by ~50% on average, reflecting tiseadgid
dependence of estimatkg} values. Specifically, the gritilock size in Mobile et al. (2012) of 500

cm® was also 50% smaller than the 1000°male used in this study. For this experiment, both
the 5cmthick (excavatiodayer NAPL parameterization) and -t@thick (vertical MLS port
spacing) layers are suitable for parameter estimation because whileck&éies fengths are below

10 cm, mixing and dilution along the flow path is captured by the MLS port spacing (Broholm et
al., 1999, 2005). In both cases, the horizontal grid resolution is numerically stable for the simulated
transport conditions, but histerpatching more adjustable NAPAone parameters than available
MLS ports, using &£m thick layers, resulted in erroneous mass overestimation by orders of
magnitude and inconsistekf" and Co\ distributions (results not shown) by a lack of inversion
regulaization. Here, regularization was achieved by parsimony between NAPL zones and MLS

ports.

3.8.2.FOSM-Analysis Results

The worth of monitoring datasets for reducing prior uncertainty variance of NAPL mass is shown
in Figure 310. This figure highlights the impance of TCM data for constraining NAPL mass in
contrast to the negligible worth in the monitoring profiles of other dissolved components.
Likewise, Figure 310 shows the increase in data worth for reducing prior uncertainty of NAPL
mass by removing PDCglthough the shorterm TCM MLS signatures (< 130 days) alone
constrained the prior uncertainty of NAPL mass by ~100%, adding the complete TCM MD
signature (220 days) improved mass estimates by spredifidgced by water table fluctuations
across all NRL zones. Furthermore, Table33ndicates a decrease in the worth of MLS ports
commensurate with th&N of their corresponding upgradient NAPL zones. This apparent
correlation reflected the similarity between the TCM dissolution profile of each ML&padithe

TCM MD profile, emphasizing the indirect value of multilevel monitoring for characterizing

NAPL distribution and reducing the uncertainty of source depletion rates.
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Table 3-3. Distribution of S and worth of MLS ports for reducing prior uncertainty of NAPL mass.
NAPL MLS  Prior Uncertainty S" (%) SV (%) SV (%)

Zone Port  Variance Decreasr A B C
6.1 606 54.0% 9.7% 12.8% 14.0%
6.2 506 42.6% 9.1% 104% 11.2%
7.2 507 19.0% 6.2% 6.4% 6.7%
7.1 607 15.7% 6.2% 7.3% 7.5%
5.2 505 5.1% 46% 46% 51%
8.1 608 4.0% 26% 28% 2.8%
6.3 406 3.2% 0.8% 0.9% 1.0%
7.3 407 2.7% 09% 09% 0.9%
8.2 508 2.6% 1.2% 1.3% 1.6%
9.3 409 2.4% 28% 3.0% 3.1%
9.2 509 1.8% 23% 24% 2.4%
5.1 605 1.5% 01% 01% 0.1%
9.1 609 0.7% 0.0% 0.0% 0.0%
9.4 309 0.6% 0.1% 0.0% 0.0%
5.3 405 0.6% 1.0% 1.0% 1.0%
8.3 408 0.3% 05% 05% 0.7%
10.2 410 0.0% 01% 01% 0.1%
10.1 510 0.0% 02% 0.2% 0.3%
12 412 0.0% 01% 03% 0.2%
11.1 411 0.0% 01% 02% 0.2%
11.2 311 0.0% 0.1% 0.1% 0.0%
10.3 310 0.0% 0.1% 0.0% 0.0%
4 404 0.0% 1.1% 1.1% 1.1%

A (PEST_HP, MLS only), B (PESTRES, MLS only), C (PESTRES, MLS and MD)
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Figure 3-10. Percent worth of monitoring datasets for reducing the fpi@rcalibration)uncertainty ofnitial source
mass.The prior uncertainty was defined on the basis of residual saturation of NAPL zones ranging between 0.05%

ard 15%, where ~100 % uncertainty reduction was attained by TCM concentrations measured at MLS ports.

An example of the worth of individual MLS and MD measurements for reducing the prior
uncertainty of NAPLEzone parameters is presented in Figuld 3Theg results indicated opposite
trends in the worth of aquecpdase concentrations for estimatiGg) and koV. Maximum
concentrations constrainekt" parameters, while declining concentrations constraiGet
parameters accounting for NAPL mass. This explained why only TCM data significantly reduced
the prior uncertainty of NAPL mass, as all MLS ports showed declining TCM concentrations
(Figure 35). Smilarly, ~30% (with PDCs) and ~40% (without PDCs) reductions in the prior
uncertainty of NAPL mass by TCE MLS data (Figur&® was attributed to MLS ports with
approximately more than 100 g of NAPL mass (e.g., port 508 in TabBlar®l Figure &) and
declining TCE concentrations. Conversely, Tablé Bdicates parameters with a low RUVR
corresponding to deeper NAPL zones accounting for less than 1% of total NAPL mass. The low
RUVR values in Table-3 were also caused by narrower prior uncertainty b®wodnpared to
those of other NAPizone parameters. As shown in Figur&13 NAPL zones harboring most of

the NAPL mass (e.g., 6.1 and 6.2 in Tabi8)3also benefited from addition@" uncertainty
reductions by TCM MD data, highlighting the contributioihthose zones to the overall source
depletion rates.
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Table 3-4. Source zone parameters with lower th@#8rior uncertainty variance reduction.
MLS NAPL  RUVR (with PDC) RUVR (without PDC)

Port Zone CN kremo® Co" krcmo
605 5.1 65% > 80% 79% > 80%
609 9.1 11% 13% 18% 22%
309 9.4 11% 5% 17% 8%

510 10.1 50% > 80% 67% > 80%
410 10.2 > 8% 17% > 80% 18%

310 10.3 12% 15% 18% 15%
311 11.2 7% 1% 28% 1%
N
NA krceo NA 5% NA 8%
N
NA Keceo NA 18% NA 30%
100% ¥ 100%
- ® Normalized MLS TCM measurements ® Normalized TCM MD measurements
. LI W kN variance decrease (MLS addition) © « %o B kN variance decrease (TCM MD addition)
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Figure 3-11. Percent worth of individual aquecpsase concentrations (MLS port 606 and TCM MD) for reducing
the prior uncertainty variance @ andkrcm,d' of NAPL zone 6.1. Although the same trend of added value by
individual measurements was determined for attgg@nly NAPL zones containing most of the source mass benefited
from additional uncertainty reductions by TCM MD data. In turn, the correspondence between the TCM MD profile

with individual MLS ports emphasized the value of multilevel monitoring fomegthg NAPL architecture.
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Except for parameters listed in Tablel 3historymatching reduced the prior uncertainty of all
NAPL parameters by up to 100%. In contrastQg) parameters constrained by TCM data
exclusively, maximum TCE and PCE concentrations also constriired' parameters (Figure
3-11). However, as indicated in Table43the prior uncertainty oforce' andkopce' (global
ko.reM! multipliers) was noteduced, partially because of their narrow prior uncertainty bounds
Yet the small RUVR of these mass transfer parametassdriven by their corresponding MLS
datasets (results not shown). Moreovéril@the mean values of both multipliers (Tablg)3vere

in close agreement with those estimated by Mobile et al. (201R)jca8' = 0.96 andkopce" =

0.85, FOSM analysis with Models A, B, and C suggestedkifzaid' could take a value greater
than 1, which would not be consistent with previous findings (Mobile et al. 2012) or with mass
transfer correlations with component diffusivities (Imhoff et al., 1993; Powers et al., 1992, 1994).
As previously discussed, posst@xplanations for remaining uncertaintieskegeo" andkeceo®

could include suigrid-scale NAPL dissolution behavior, noticeable primarily in TCM MLS data,
and/or the influence of grid scale on concentration gradientslarfttansverse and longitudinal).
Transverse dispersion has been shown to regulate massttranass from DNAPL pools (Hunt &
Sitar, 1988, Stewart et al.,, 2022), requiring an ultrafine grid scale for accurate numerical
simulations of DNAPL dissolution (Falta, 2003).

3.8.3.Analysis of DNAPL Mass Depletion

Table 35 presents mass balance results oPNAnass removed by natural dissolution calculated
using all models. The percent reductions of initial mass were calculated using the known initial
composition values. Despite differences in the estimated source zone architectures, Model C
produced nearlydentical results as Mobile et al. (2012), emphasizing the importance of
constraining NAPL mass for estimating source depletion rates. Conversely, Model A resulted in a
40% reduction of initial NAPL mass, almost doubling Model C results. Model C also tedliaa
sourcepersistence at the end of the natural dissolution period ~4 and ~2 times lower than indicated
by Models A and B, respectively, using PCE as reference. These results reflected the advantage of
implementing prior Monte Carlo analyses to underdtanodel deficiencies in relation to the
observed system behavior. Additionally, Tablg Bidicates the amount of NAPL mass eliminated

by methanol remediation, calculated by subtracting the NAPL mass remaining in the soil estimated
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by Broholm et al. (1990Qafter conclusion of the experiment, from the remaining mass after 220
days estimated with Model C. Differences in the methanol calculations were linked t0 post
experiment mass estimated by Broholm et al. (1999) €dalues assuming differest values.

The obvious impact that such differences would have on remedial designs at hazardous waste sites
highlighted difficulties in measuring' directly, even by soil confirmatory sampling. These results
suggested value ihé¢ indirect source characterization method undertaken in this study to estimate
and reduce the uncertainty of s#eecific masdransfer parameters, which is critical for effective,
risk-based remedial optimizations.

Table 3-5. Mass of NAPL removed.

Data NAPL Mass Removed (kg) Initial NAPL Mass Reduction (%)

Source TCM TCE PCE Total TCM TCE PCE Total
Initial (injected)  0.74 292 404  7.70 0 0 0 0
Model A 0.67 1.46 0.97 3.10 91 50 24 40
Model B 0.63 1.10 0.55 2.28 85 38 14 30
Model C 0.61 0.92 0.25 1.78 82 32 6 23
Mobile et al. (2012) 0.59 0.91 0.24 1.74 80 31 6 23
Methanol flush® 0.13 1.47 1.88 3.49 17 50 47 45
Methanol flush? 0.13 1.18 0.80 211 17 40 20 27

Mass removed by methanol flushing was calculated by subtractingypstimental NAPL mass remaining in soll
estimated by Broholm et al. (1999) wi@" values assumin§’ a homogeneous 3.6%' in all excavation layers
(Figure B-1) and® assuming 2098" in excavation layer 2 (where a DNAPL pool was observed), from the remaining
NAPL mass on day 220 estimated with the posterior base realization of Model C. The percent reductions of initial

NAPL mass were calculated with respect to the known initial composition of the mixture.

3.8.4.Limitations and Alternatives

Primary limitations to the indirect source characterization method in this study include availability
of longterm monitoring histories, and uncertainty on NAPL depletion stages reflected in
monitoring profiles. An alternative to the former involves tleddfitest described by Mobile et al.
(2016) to determine mass transfer rate coefficients in situ. This test would induce breakthrough of
nonequilibrium concentrations through forced hydraulic gradients and flushing in the source zone,

generating monitoringrofiles suitable for the inverse modeling techniques applied in this study.
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Conversely, situations where available MD data is uncertain with respect to source depletion
trends, upscaled, dudbmain models with explicit mass transfer parameters congdrayndirect

site characterization, provide a viable alternative to estimate source zone depletion behavior
(Stewart et al., 2022Furthermore, sites where natural attenuation mechanisms are significant
may benefit from several monitoring transects aldwgfiow direction differentiatingattenuation
capacity from NAPL dissolution ratder decisionsupport modeling (McMillan et al., 2018;
Rivett et al., 2014)

3.9.Conclusions

A combination of masdischarge and depiliscrete groundwater monitoring data allowed for
characterizing the mass distribution and dissolution rates of a heterogeneous, multicomponent
DNAPL source zone with numerical modeling of mass transfer and transpeestigating
numerical model uncertainties linked the depleting signatures of the most soluble NAPL
component and least by volume, TCM, to the accurate quantification of residual NAPL mass. Yet
early TCM concentration peaks were identified as drivesaxfel bias through prior Monte Carlo
uncertainty analysis. The analysis emphasized several system complexities, including multiscale
heterogeneity of source architecture and NAPL dissolution, and NAPL migration during the
multicomponent dissolution procesreflected in dissolveghase concentrations excluded for
historymatching to eliminate mass transfer bias. Spatialying, componenrspecific mass
transfer rates were thereby constrained by maximum TCM, TCE, and PCE concentrations,

attributed to stedy-state source zone depletion by datath analyses.

In contrast to the soil excavation analyses, coupling numerical modeling with uncertainty analyses
in this work proved useful for characterizing NAPL mass and saturation distributions, which
cannot ke measured directly at field sites and are critical to effective remedial designs. However,
despite the availability of highesolution monitoring data, the source mass depletion expbnent
could not be constrained, highlighting the benefit of model uaicgytquantification accounting

for all possible scenarios of source zone depletion. Similar predictions of source depletion were
also obtained with respect to a previous modeling effort using a different parameterization and

parameter estimation strate@@oth methods regularized the inversion process through parsimony
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between available multilevel monitoring ports and NARIne parameters, avoiding erroneous
estimates and model predictions. In this case, reasonable model predictions were obtained by
removing aqueous concentrations representing-giubscale heterogeneity and data noise.
Although identifying and removing the latter can benefit any decsimpport modeling situation,

future research is needed to develop methods capable of constrainisgajeidnassransfer

parameters in the absence of consistent monitoring data.
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3.11.Data Availability Statement

The Groundwater Modeling System (GMS) software hosting the MODFLOW2000 and SEAM3D
programs used in this study is adable through Aquaveo at
https://www.agquaveo.com/software/gimoundwateimodelingsystemintroduction The
PWTADJ2, PREDUNC, GNLINPRED, and PEST_HP programs are available at
https://pesthomepage.org/programs The  PESTPRES  software is available at

https://www.usgs.gov/software/pestftwaresuite-parameteestimationuncertaintyanalysis

managemenbptimizationand (version 5.1.6 was used and the source code is available on

https://github.com/ustipestpp/releases/tag/5 )L Bigures 35 through 37 were produced with the

Matplotlib (https://matplotlib.ord/version 3.5.1 and Seabolritps://seaborn.pydata.oyyersion

0.11.2 libraries using the Python programming language. Aqyetase concentration data
model input and output files, and Python scripts usedodmstprocessingutput files and for
generating figures are archivedhdifps://doi.org/10.7294/22718026
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4.1.Key Points

1 Source zone architectural dimensions and numerical grid resolutions were correlated for
scaling bulk DNAPL dissolution rates

1 Increasing vertical grid resolution decreased mass transfeficea@f sensitivity, incurring
nortunique estimates of DNAPL depletion

1 Scaled mass transfer coefficients replicated effluent histories and physical predictions of

DNAPL depletion at multiple grid resolutions

4.2. Abstract

Modeling the dissolution of dense maqueous phase liquids (DNAPLS) in groundwater for
environmental management support is limited by data availability, inadequate mass transfer
assumptions, and/or computational efficiency. A practical volawszaging (VA) system capable

of estimating DNAR dissolution with a physical basis was leveraged to obtainsgate mass
transfer parameters using SEAM3D, a numerical biodegradation and transport simulator. The
dissolution of DNAPL pools documented by effluent monitoring in floell experiments was
simulated a priori with the VA model, translating initial source zone characteristics into upscaled
mass transfer coefficients. A discretized mass transfer function was used to evaluate relationships

between 1D and 2D numerical grid resolutions and sauass depletion results with respect to
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VA physical predictions. Comparative analyses revealed an empirical relationship for
approximating VA simulations with SEAM3D by scaling mass transfer coefficients to grid
resolutions. Both inverse and forward numalriesults showed decreasing sensitivity of mass
transfer parameters to effluent profiles with increasing sexwoe vertical discretization,
regulated by vertical dispersive transport across DNAPL grid blocks. Similarities in grid
resolution effects werebserved despite differences in magnitude of source characteristic
dimensions, model layer thicknesses, and magnitude of vertical transfer dispersivity coefficients
between experiments. In addition to histomatching of effluent data, the scaling anaysioved
beneficial for constraining the uncertainty of mass transfer coefficients and source mass depletion

estimates in numerical models of DNAPL dissolution and agupbase transport.

4.3.Plain Language Summary

Practical and effective modelinghethods can inform restoration efforts of groundwater
contaminated by source zones of immiscible liquids, such as dense chlorinated solvents. Yet
environmental managers typically rely on remediation performance monitoring with limited
guantitative interprtion, often resulting in costly and ineffective site cleanup strategies. Our
work merged a spatiallgveraged, computationalbfficient physical model of source zone
contaminant discharge with numerical modeling of groundwater flow and contaminapbttans
Simulations of flowcell experiments documenting contaminant dissolution rates allowed us to
explore relationships between source zone discretization anddongdissolution variability.
Deterministic numerical analyses were complemented by inkerdeling of monitoring profiles,

which did not yield unique parameter estimates as vertical discretization was increased. The
resulting methodology leveraged the spattalyeraged model to constrain predictive uncertainties

of longterm contaminant disfidtion with numerical modeling of contaminant transport in

groundwater.

4.4. Keywords

Source zone architecture, DNAPL dissolution, numerical flow and transport modeling, scaling

method, bulk mass transfer coefficient, numerical grid resolution
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4 5. Introduction

Groundwater contamination by spills of dense-agoeous phase liquids (DNAPLS) can persist

long term because of mass transfer limitations, which may be estimated with mathematical
modeling for environmental management support (Mayer & Hassanizadeh,Ki@€jier et al.,

2014; Agaoglu et al.,, 2015). However, estimating mass transfer rates requires an adequate
mathematical representation of contributing processes, including the interplay between DNAPL
saturation and hydraulic accessibility to groundwatev {®liller et al., 1998a, 1998b; Kokkinaki

et al., 2014). Because representing these processes withgabeenumerical models and typical

data limitations is highly impractical (Falta, 20@)gelmann et al., 2019), upscaled modeling
methods have been ddgped to account for physical mass transfer processes within a
contaminated aquifer volume, i.e., a DNAPL source zone (Parker & Park,20@gk et al., 2006;

2010). Provided with source characterization data, upscaled process models can readily predict
average mass transfer rates, which can be estimated along with residual saturations at multiple
scales of spatial resolution with inverse numerical modeling of monitoring data (NRC, 2005;
Mobile et al., 2012; Stewart et al., 2022; PriEtrada et al.,@2b). Although coupling mass
transfer and transport models can support decisiaking at contaminated sites (Falta et al.,
2005a, 2005b; Liu et al., 2014), the simulation of aqueous transport across numerical grid blocks
introduces additional uncertaiesi on the scaling of effective mass transfer coefficients (Parker &
Park, 2005; Fernandézarcia et al., 2009; Leung & Srinivasan, 2016; Zhang et al., 2021).

Field-scale rates of DNAPL mass transfer are primarily governed by the distribution of residual
saturation in the subsurface, referred to as the source zone architecture (Lemke & Abriola, 2006;
DiFilippo & Brusseau, 2008, 2011; Brusseau et al., 2013). The source zone architecture is
controlled by subsurface geological heterogeneity, governing DNARjkatron pathways and
entrapment within aquifers (Dekker & Abriola, 2000). Hydraulic accessibility to groundwater flow
through and around DNAPL mass accumulations limits dissolution rates, resulting in
nonequilibrium discharge concentrations typically obsdrin monitoring systems (Frind et al.,
1999; Park & Parker, 2005; Rivett & Feensta, 2005; Rivett et al., 2014; McMillan et al., 2018).
Monitoring profiles exhibiting multistage and nonmonotonic dissolution trends reflect gradual

changes in source zonechitecture, primarily comprised by legaturation ganglia and high
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saturation DNAPL pools (Brusseau et al., 2013; Kokkinaki et al., 2014; Stewart et al., 2022).
Rather than representing geological heterogeneities in detail, upscaled models of DNAPL
dissoldion account for gradual changes in source architectural characteristics by incorporating
implicit or explicit mass transfer relationships (Parker & Park, 2004; Stewart et al., 2020). The
former approach can benefit from higksolution site characterizati (HRSC), including dye
enhanced laser induced fluorescence {dy§ for delineating chlorinated solvents (Horst et al.,
2018), hydraulic profiling tool (HPT) for discrete aquifer hydraulic mapping, soil confirmatory
sampling, and partitioning or pughil tracer tests for estimating local saturations (Basu et al.,
2008; Huang et al., 2010; Stewart et al., 2022; Ristivada et al., 2023a). An alternative upscaled
modeling approach simplifies source architectural characteristics througfit lmeass tansfer

coefficients estimated from downgradient monitoring data (Marble et al., 2008; Guo et al., 2020).

Upscaled models of DNAPL dissolution may incorporate sdafgendent, lumpepgrocess mass
transfer coefficients estimated inversely from monitoring darker & Park, 2005; Mobile et al.,
2012; 2016). However, their predictive capability may be biased by the monitoring profiles used
for parameter estimation (Parker et al., 2010; Piiestivada et al., 2023bffor example, early in

the life cycle of aDNAPL source zone, the contributions of slowly dissolving pools governing
complete depletion may not be discernible@mssdischarge data (Abriola et #2013).In contrast,
upscaled models incorporating source architectural parameters can leveragéRI&@hand
monitoring data to constrain the explicit estimation of mass transfer coefficients (Stewart et al.,
2022; PrieteEstrada et al., 2023a). Examples include an upscaled GHhadvood correlation

and the duatiomain gangligo-pool (GTP) mass ratimodel (Christ et al., 2006, 2010; Saenton

& lllangasekare, 2007). However, these upscaled correlation models have impractical data
requirements on residual saturation distributions and neglect vertical dispersivity as a mass transfer
component, which hdseen shown critical for regulating DNAPL pool dissolution and source zone
longevity at multiple dimensional scales (Eberhardt & Grathwohl, 2002; Falta, 2003; Carey et al.,
2014; Klemm et al., 2021; Stewart et al., 20&2¢wart et al. (2022) developed@wmeaveraged

(VA) model for NAPL source zone that accounts for dispersive and thifbmigimass transfer
mechanisms and demonstrated applicability accurately reproducing complex DNAPL dissolution
profiles monitored in laboratory, numerical, and field exments through. The VA model is

designed to assimilate HRSC and monitoring data to parameterization of characteristic dimensions
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of source zones and estimate timeframes of source zone depletion with computational efficiency

and a physical mass transfesis.

A practical advantage of the VA modeling approach is that detailed saturation andizgain
distributions, and geostatistical modeling are not required for testing site conceptual assumptions
to readily estimate source mass fluxes and quantifyiginegl uncertainties. Instead, the VA model
accounts for multrate and nonmonotonic dissolution processes on the basis of -gouece
characteristic dimensions and the relative location of DNAPL masses along groundwater flow
paths (Stewart et al., 2022oreover, unlike porascale numerical models relying on dispersive
transport for simulating DNAPL dissolution assuming local equilibrium (see Miller et al., 1998
and Agaoglu et al., 2015 for reviews), the VA model incorporates transverse vertical digpersiv
into an analytical expression for pool dissolution (see derivations by Hunt et al., 1988 and Johnson
& Pankow, 1992). While this VA mass transfer parameter can be constrained by characterization
methods, such as puglll tracer tests and borehole bibgic analyses (Huang et al., 2010; Carey

et al., 2018), numerical models incorporating lumpeacess parameters are advantageous for
leveraging multilevel monitoring data to simultaneously characterize the architecture and

dissolution rates of heterogaus source zones (Mobile et al., 2012; Priestrada et al., 2023b).

Although using a singteell mass transfer function for numerical modeling may be consistent with
upscaled DNAPL dissolution theory (Hunt et al., 1998; Johnson & Pankow, 1992),iziisgrat
source zone may introduce dissolution inconsistencies by simulating aepreases transport
across DNAPL grid blocks (Falta, 2003; Park & Parker, 2005). Such grid resolution effects would
be particularly relevant to modeling DNAPL pool dissolut@asyertical transverse hydrodynamic
dispersion is the primary mass transfer mechanism (Stewart et al., 2022), and is also included in
multidimensional numerical transport simulations (Zheng & Bennett, 2002). Therefore, adapting
a VA model to a discretizedomain requires a methodology accounting for the regulating effect
of dispersive transport simulation on effective mass transfer coefficients at the grid block scale
(Park & Parker, 2005; Saenton & lllangasekare, 2007; Leung & Srinivasan, 2016; Zhang et a
2021). Investigating relationships between grid resolution and DNAPL dissolution variability
would thereby allow for leveraging the VA physical basis to constrain the uncertainty of lumped

process parameters (e.g., Mobile et al. 2012; REsteada etl., 2023), supporting the inverse
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characterization of source zones with monitoring data (Stroo et al., 2012; Rivett et al., 2014;
Eniarson et al., 2018; McMillan et al., 2018).

Our primary objective was to devise a methodology for simulating DNAPbldigsn with VA

mass transfer coefficients scaledrtatchnumerical grid resolutiong.he modeling analyses were
focused on the dissolution of DNAPL pools because studies have shown that these architectural
features govern source zone longevity through kinetic mass transfer at multiple scalesaB&nch
intermediatescale laboratory floveell DNAPL dissolution experiments were simulated with the

VA model by parameterizing known, initial source zone properties into bulk mass transfer
coefficients to replicate monitored TCE and PCE effluent mass discharge prafdpsctively
Because oftte VA model capability to estimate DNAPL discharge concentrations without effluent
historymatching, VA projections for attaining a target concentration level, referred to as Time of
Remediation (TOR), served as comparison metrics to determine equivalesutd/numerical
simulation results. Numerical mass transfer and transport models were designed to represent the
architectural dimensions of the experimental source zones with different grid resolutions. The
flow-cell experimentsvere constructed usinD sngle-cell upscaled DNAPL block modshnd

2D models using systemically finer horizontal and vertical discretizatiorSource zone
discretization in the downgradient (1D and 2D models) and vertical directions (2D models only)
were designed to examine theahaqueous transport across pool zones impacts mass discharge at
various grid resolutions. Both the downgradient and vertical discretization dimensions replaced
the source zone characteristic dimensions in the VA mass transfer coefficients, in orddifyo iden
grid-architecturecorrelations for scaling estimable bulk mass transfer coefficients and matching
effluent profiles at any grid resolution. Forward modeling analyses were complemented by the
inverse estimation of scatbependent, lumpepgrocess mas dnsfer coefficients, providing
additional insights on a scaling methodology. Comparative numerical analyses included transverse
vertical dispersivity coefficients in both aquequsase transport and mass transfer to evaluate the

contribution of both mech#@ms to DNAPL pool dissolution in discretized domains.
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4.6.Numerical and Volume-Averaged Modeling of DNAPL Dissolution

Interphase mass transfer was represented in this work by a linear driving force relating the single
componenDNAPL dissolution rate) [M T L] to the local aqueous phase concentraGdi
L] averaged within a source zone reference volurie [L

~

b Q6 B (4-1)

wherekN [T is a timevarying, bulk mass transfer coefficient a@#' [M L] is the aqueous
solubility of the DNAPL Numerical modeling was undertaken with SEAM3D (Waddill &
Widdowson, 2000), couplingquation4-1 to the following relationship representing DNAPL

dissolution from the soil medium into the aqueous phase:

. 42
5Qo “2

wherejp [M L% is the bulk density of the soil ar@ [M M 1] is the DNAPL mass per unit mass
of dry soil. A modified version of SEAM3D incorporates the upscaled DNAPL dissolution model

developed by Parker and P4#8004) to simulate transient mass transfer:
Lo TN o) g —— (4-3)

wherek,>3Pis the initial mass transfer coefficient{[l 1} is the Darcy velocity [L ], K is the
hydraulic conductivity [L T, M(t)/Mo is the transient ratio of DNAPL mass [M %} andUand

b are dimensionless empirical parameters. Previous investigations have reported a linear
relationship betweek>P andq, with U= 1 for source zones comprised of heterogeneous media
(Parker& Park 2004; Park& Parker 20095. Here, thel parametemwasset to0 in all numerical
simulations in order to parameterike*C values using the VA mass transfer concepts, defined
below. The transient mass ratio raised to the empirical depletion expbmeptesents a gradual

reduction of DNAPL/water interfacial areas, regulating dissolution tailing as the source mass is
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depletedParker& Park 2004; Stewart et al., 2022). Tihgarametr was fixed at 0.5 in all models,
representing a theoretical value associated with tailing of DNAPL pool dissolution (Stewart et al.,
2022).

Transient dissolution of a single DNAPL accumulation, defined as a volume of relative uniformity
in saturation, an be simulated by coupling Equatiéri to a generalized mass transfer function
(Stewart et al., 2022):

Q -0 Q h o = 4-4
L ) 0 p (4-4)

where interphase mass transfée'{") from an individualDNAPL accumulatiorii a i8 upscaled

by g with respect taa source zone reference voluiie which may contain multiple DNAPL
accumulations (Figuré-1). Thefirst term inside the brackeepresents dissoluticattributable to
through flow which is proportional to the projected area facing fldwyf) @d. AFl ow t hr ot
fiaois regulated by the soil relative permeability) (vhich gradually increases thissolution rate

as theDNAPL volume is reduced. Thaecond termrepresentsdissolution attributable to
mechanical dispersion into bypassing flavhich is proportional tthe hydrodynamitransverse
vertical dispersivity )  a r @duandditshiirizontal area/ax,). Dissolution of lav DNAPL
saturations (ganglia) is dominated by flow through, while dissolution of-$atjration zones
(pools) are dominated by dispersion. Theoreticéllky,2/3for gangliadominated accumulations
andb = ¥ for pootdominated accumulations, but maydmgusted within a relative narrow range

to allow for deviations of mass transfer assumptions such as nonuniformity in the DNAPL

saturation (Stewart et al., 2022
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(a) Source Zone Conceptual Model (b) Volume-Averaged Model Concept

Figure 4-1. (&) Conceptual and (b) Volum&veraged Model representation of a DNAPL source zone, where the
dissolution of four distinct DNAPL accumulations are upscaled by a saoree reference volum&/g) to yield the

average source dischargencentration. Adapted from Stewart et al. (2022).

4.7. Applications of DNAPL Dissolution Modeling

Previous work by Stewart et §2022) and Priet&strada et a2023a) demonstrated the ability

of the VA model to reproduce complex DNAPL dissolution trewdbout undertaking history
matching. Thus, the VA model is useful for translating site conceptual assumptions into mass
transfer coefficients, while history matching of monitoring profiles can further constrain critical
parameters such as DNAPL mass BdBoth of these parameters govern the longevity of source
zones when pertaining to higlaturation DNAPL accumulations, i.e., pa@miminated zones
(Stewart et al., 2022; Prietéstrada et al., 2023a). Because previous studies have shown ganglia
dissolution to be a largely equilibrium process with a negligible contribution to source zone
lifespans in the presence of pools (Frind et al., 1999; Rivet et al., 2005; Abriola et al., 2013), the
focus of this study was on simulating DNAPL pool dissolution usingnés transfer coefficients
scaled to discretized domains. Two laboratory experiments of DNAPL dissolution withobrder
magnitude differences in sourzene depletion time and dimensional scales provided reference
datasets for comparative mass transfeyaes. The datasets yielded a correlation of numerical
and VA modeling results as a function of architecture dimensions and grid resolution. Results
obtained with downscaled mass transfer coefficients were also contrasted with inverse numerical

modeling esults.
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4.7.1.Flow-Cell Experiments

A benchscale flowc e | | experiment conducted by DiFilipp
source zone architecture developed within a uniform pack of sand (40/50 mesh) withthi2k
capillary barrier along the bottn of the cell Figure 4-2). An injection of ~12 ni of
trichloroetlylene (TCE) at the top of the test ctllowed by a 48hour rest periodjenerated a

stable source zone architecture consisting wéréical ganglia zone underlain by a pgoior to

flow initiation. The DNAPL saturation distribution was characterized using a light reflection
visualization (LRV) method and TCE effluent concentrations were monitored until source mass
depletion. The effient concentrations were simulated in Stewart et al. (2022) by parameterizing
source architectural dimensions into VA mass transfer coefficients. Our analyses focused on the
pool zone architecture and its mass dissolution following depletion of theaaration ganglia

zone, initially hosting ~58% of the injected TCE mass (Stewart et al., 2022). The experiment
authors estimated a 59% of initial TCE mass removal after 3.2 days of monitoring, primarily
attributed to ganglia dissolution by LRV saturationagmg (DiFilippo et al., 2010). The
characteristic pool dissolution signature used in this study included the effluent data recorded after

4.4 days of monitoring.

An intermediatescale flowcell experiment conducted by MacKinnon and Thomson (2002)
consised of a DNAPL pool developed in a physical aquifer model consisting of silica sand above
a capillary barrierdgo of 0.149 mm, andlo of 0.0085 mm) comprised of silica flour mixed with
deionized water to a putlike consistency (Figuré-3). An injection of ~1,257 g of dyed
tetrachloroethylene (PCE) through five equally spaced glass tubes placed 2 cm above the silica
flour base generated a continuous DNAPL accumulation. Water flow through the model was
stopped prior to PCE emplacement until 35 days,atiwing for PCE redistribution, which was
characterized by soil core data. Water flushing was maintained through the test cell for 90 days
prior to a permanganate oxidation flush and resumed 150 days post oxidation. Effluent
concentrations were monitar®efore and after the oxidant flush (MacKinnon & Thomson, 2002).
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4.7.2.Volume-Averaged Modeling of FlowCell Experiments

Her ei n, t heé dehbisce d g-d forfiabggneralized ®MAPlaccumulationis
replaced by pot,h &NASlupgnd. c rliipkte wii s e, 00t e ssSinidi ¢ reisp t
conditions Table4-1 lists the VA model parameters representing initial DNAPL pool and source
zone properties used to simulate the flosll experiments. The DNAPL pool of the mixed source
architecturee x per i ment by DiFilippo et al . (2010) W
MacKi nnon experi ment was @2 fllustratee lbw theoDNARL. fi Po o
architecture and source zone dimensions of Pool 1 were used to estimate mass tréfinsétsoe
a priori. The saturatior§{") of the DNAPL pool was calculated as:

04

Yo -— 4-5
o 45)

whereMp is DNAPL masgM], Vp is volume[L %] of uniform SN, d'is porosity,andy N is DNAPL
density[m L"]. Relative permeabilityif) was calculated assuming an irreducible water saturation
of 0.15 using the Wyllie correlation (Wyllie, 1962; Stewart et al., 2022):

- p Y Y

R 4-6
Q0 v (4-6)
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Table 4-1. Sourcezone and DNAPL parameters of flesell experiments representing initial system conditions.

Parameter | Pool 1 Source Pool 2 Source
Ur (cm) 0.1  Stewartetal (2022) 0.04 Estimated
d 0.45 DiFilippo etal.(2010 | 0.41 MacKinnon and Thomsof2002)
g (cm/d) 97.57 DiFilippo etal.(2010 | 8.53 MacKinnon and Thomson (200z
Xs (cm) 22 Equal toX, 230 Equal toX,
Ys(cm) 2.54  Stewart et al. (2022) 15 MacKinnon and Thomson (200z
Zs(cm) 19 DiFilippo et al.(2010 | 45 MacKinnon andrhomson (2002)
Xp (cm) 22 Stewart et al. (2022)) 230 MacKinnon and Thomson (200z
Yp (cm) 2.54  Stewart et al. (2022)] 15 MacKinnon and Thomson (200z
Zp (cm) 0.5 Stewart et al. (2022)] 1 MacKinnon and Thomson (200z
M () 7.3 Stewart et al. (2022)] 688 MacKinnon and Thomson (200z
1N(g/len?) | 1.46 DiFilippo et al.(2010 | 1.63 MacKinnon and Thomson (200z
Ib (g/cne) 1.60 Assumed 1.57 MacKinnon and Thomson (200z
C'(g/m’) | 1100 DiFilippo et al.(2010 | 237 MacKinnon and Thomson (200
MW (g/mol) | 131 Stewart et al. (2022)] 166 MacKinnon and Thomson (200z
SN (%) 39.81 Calculated 29.84 Calculated
k.0 0.15 Calculated 0.27 Calculated
Q 0.58 Calculated 0.64 Calculated
koA (d1) | 0.408 Calculated 0.003 Calculated
o) 0.5 Theoretical 0.5 Theoretical

* TheQ parameter used for numerical mass transfer modeling is defined in section 3.3.
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Figure 4-2. Singlecell, volumeaveraged (VA) model representation of mixed source experiment. The dashed purple
line represents the source zone volug &nd the solid purple lines represent DNAPL pool volumMg ¢f the
DNAPL accumulations. Only the pool zone wamisidered in this study. Adapted from Stewart et al. (2022).
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Figure 4-3. Singlecell, volumeaveraged (VAxonceptualization of the PCE pool dissolution experiment conducted

by MacKinnon and’homson (2002). The thick purple lines represent the source zone valgnem¢ompassing the

DNAPL pool. The dashed lines represent the experimental apparatus dimensions, where the horizontal distance of 10
cm between/s and tank edges corresponds touefit/effluent mixing zones generated by clearwell screens. The red

square represents the numerical rrdissharge measurement plane.

4.7.3.Numerical Modeling of Flow-Cell Experiments

Steadystate porevater flow conditions reported in both experiments (Tdblg were simulated
using MODFLOW2000 (Harbaugh et al., 2000). The experimental DNAPL pools were discretized
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as indicated in Tablé-2. Figured-4 illustrates the combination of ximum and minimum scales

of the source zone discretization scenarios for Pool 1, listed in Zgbl&éhe numerical grids of

both experiments included two blocks upgradient from the source, or two columns of grid blocks
depending on the vertical source eodiscretization, as illustrated in Figude3. All model
domains included 6 and 8 grid blocks or columns downgradient from Pool 1 and Pool 2,
respectively. All grid blocks upgradient and downgradient from the DNAPL sources measured
1.25 cm along the flowdirection (Xaxis) for consistency between models. Aquepliase
transport was simulated with SEAM3D, neglecting retardation, and defining a constant
concentration o = 0 mg/L in all blocks upgradient from the DNAPL sources. This prevented
numerical disprsion of aqueouphase concentrations into upstream blocks located behind the

source.

Table 4-2. Vertical and horizontalumerical discretization of Pools 1 and\#dels were discretized for the range

of values longitudinald %) and transvers@p 2) to flow.

Pool 1 Pool 2
p&(cm) Zs/ spimX(cm) Xp/ Xgp p&(cm) Zs/ g pX(cm) Xp/ Xg
19 1 22 1 45 1 230 1
9.5 2 11 2 22.5 2 115 2
3.8 5 4.4 5 9 5 46 5
1.9 10 2.75 8 4.5 10 28.75 8
1 19 2 11 1 45 23 10
0.5 38 - - - - - -
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Figure 4-4. Examples ofmodel discretizationof the DiFilippo et al. (2010)benchscale experiment (Pool 1(a)
Upscaledsinglesource DNAPLblock with no vertical discretizatiorflD); (b) Singlesource block with vertical
discretization matchingnitial DNAPL pool dimensions (2D)(c) Upscaledsourceblock discretized along the flow
direction (1D) (d) Single source bloctliscretized along the flodirectionwith vertical discretization matchirigitial

DNAPL pool dimensionsnd(2D).

Mass discharge (MD) rates were calculated with SEAM3D by integratingvfleighted, aqueouds

phase concentrations observed at the most downgradient grid block(s) in all model domains. For
both VA and numerical modeling results, a time of remediation (TQR)ud was arbitrarily
defined as the time when source discharge concentrations reached a la@di05 mg/L. A
constant valuef U = 0.025 cm was assignéa longitudinal dispersivity in all numerical models

to minimize discrepancies with the VA model, which negléttwithin the source zone (Stewart

et al., 2022). Sensitivity analyses (not shown) showed numerical error for ldwealues
approaching 0, whal greater values reduced MD ratéi®reover,Ur coefficients were assigned a
value of 0.1cm and 004 cm to the 2D domains of Pool 1 and Pool 2, respectiie@ple4-1). The

Ur values matched the flowell media conditions and effluent observations usiAgnass transfer

concepts (Stewart et al. 2021 provides details on the Pool 1 VA simulation).
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Initial mass transfer coefficientkf°[T] in Equation4-3) were calculated modifying Equation
4-4 as:

8rQ YO O —oe (4-7)

where the subscript= DNAPL pool. Parameter values are listed in Tdble The range of values
for the discr et jaznad siagdistegin Tableh2, Qs ppXQ; 71¢.
Because the NAPL dissolution package in SEAM3D does not inkliewas used as a surrogate
(Table4-1). The'Q parameter averaged the initkal: value with the maximum possible value of
1, maintaining a constant value k§**C. Also, ko>3° was divided byd for equivalency in mass
transfer definitions between the SEAM3D and VA modaispendix B. Equation4-7 indicates
that the source zone heigijwa s d i s c r sewhile disciebtizaticn ofghé coinciding source
zone lengthXs and pool lengtXXpwa s r e p r e s.dmturre ttieAph, paragpeter was kept
constant in all SEASM3D models because no discretization scale was below the DNAPL pool
crosssectional area perpendicular to flow. This method was conceived to maintaistenrs
with the VA model concept, wheke"” is upscaled by andVs (Stewart et al., 2022); and in this

case Xp was scaled by discretizing the DNAPL pools along the flow direction.

4.7.4.Comparative Modeling Analyses

Equation4-7 was used to calculate values of the mass transfer coefficient based on the varied
discretization of the pools provided in Taldl. Each discretization and the parameters in Table
4-1 were used with SEAM3D to calculate bulk discharge concentrationsth@ndime of
remediation (TOR) for each pool. Remean squaredrror (RMSE) calculated with respect to
experimental discharge concentrations (TaBles andB-4; FiguresB-1 andB-2) did not yield

clear relationships with the discretized parameters (T4&Ble but consistent trends of numerical
TOR outputs suggested a correlation between model layetyap £) and theX; lengths. The

correlation allowed for scaling the VA mass transfer functig¥*( Equationd-4) to empirically
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find a single optimaks>*°v al ue f or e a<hkightp cagable af indickiny ugsdaled
effluent rates and physical TOR predictions. Subsequent analyses incorporated singlk,$€aled
values across atb > lengths, for eaclop £ height and were contrasted with inverse parameter
estimates (TableB-5 ard B-7).

Inverse numerical modeling was undertaken with PEST (Watermark Numerical Computing, 2018)

to estimateks>>P values forall combinations of pool discretization parameters (TdbB. For

Pool 1, historymatching targets included MD measurements attributed to the pool zone
dissolution; whereas these corresponded to ststadg MD ratesnduced by flow dissolution of

Pool 2 prior to oxidant flushing (both monitoring profiles showrFigure 4-5). The resulting

variability of inversely estimated parameters (Talde3 andB-4) and outputs were contrasted

with the deterministic numerical investigation, including the initial analyses were ¢ &nd

the ensuing correlation whekg values were empirically scaled as a function of model layering.

The comparison involved quantifying summary s
variability (standard deviations, ) of numer
scenarios, with respect to VA predictions. Both forward and inverse numerical edsaitated

upon a methodology for scalikg’” to minimize complex grid effects driven by the simulation of
dispersive aqueous transport across discretized source zones, allowing for reproducing upscaled

DNAPL pool dissolution at any grid resolution.

4 .8.Results and Discussion

4.8.1.Numerical Discretization o Bulk Mass Transfer Coefficients

Figure4-5 presents a comparison between VA and SEAM3D simulations of experimental mass
discharge rates. As shown, the singleck numerical models produced the best fit to the VA
models and the effluent datehen usingEquation 47 to parameterize the pool and without
calibrating models by modifyinks>°C. The results alsshowed greater sensitivity with respect to
variability of ko3P values calculated with Equatiofr7 and the source zone discretization
parameters in Tabld-2 (calculatedk>*° and RMSE values inAppendix B. Figure4-5 also

indicates a relatively lower numerical sensitivity to increasketf® rates, suggesting the
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possibility for nonunique predictions of pool mass depletion by mass transfer models with
multiple source zone layers. Therefore, fitting effluent data with #ayéred source zone models,
where dispersive transport plays a significant role on the treassfer simulation, may bias TOR
predictions without adequate parameter uncertainty constraints. While reRMBgvalues did

not provide a concise comparison metric (FiglBesandB-2), the VA physical TOR predictions
provided a reference metric famonstrainingk,>3P parameters. Specifically, the deterministic
SEAMS3D TOR results, produced with Equatiéi? and Tabled-2, exhibited a clear tendency as

a function of pool source discretization. These trends are presented in4~gure

Figure4-6shows cl ear trends of decr ealengthsg.e,BQrBatev al u e ¢
number of grid blocks discretizingthgl engt hs. As shown, thestrends
heights (Table4-2), where the VA predictive TOR values intersected the lineatérpolated

SEAM3D results at greater numberXy¢fg r i d b | o c k sshéights. Tresnmdi¢atesetliat pZ

the multilayered models with greater vertical resolution require larger, yetfispecr® values,

where aqueous transport across the discretized pool zone disperses source mass fluxes to reproduce
the upscaled effluent rates. As studies have shown, resolving source dispersive fluxes by aqueous
transport simulation requires a grid riegmn adequate to the scale of dispersivity (Falta, 2003;
FernandeGarcia et al., 2009), correspondindjovalues (0.1 cm for Pool 1, 0.04 cm for Pool 2)
representative of DNAPL pool dissolution in this study (Carey et al., 2018; Stewart et al., 2022).
Figure4-6 thereby suggests that coefficients played a complementary role in both kinetic mass
transfer ad aqueous transport, regulating pool mass depletion rates in verticsaligtized source

zones. Given that effluent rates simulated with SEAM3D models with finer vertical resolution

were less sensitive t@>3C variability (Figure4-5), yet clearly sensie to the VA physical TOR

predictions (Figurd-6 ) , ¢ 0 nt r,lerdgthse stalifg yhe \¢ponass transfer function would

constrain the uncertainty &§°°° parameters estimated in discretized domains.
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Figure 4-6. Comparison of TOR results between VA and SEAM3D models of (a) Pool 1 and (b) Pool R:&%ing

values calculated with EquatidnA7 and parameters in Table2.

4.8.2.Scaling of Bulk Mass Transfer Coefficients

Trends shown in Figurd-6 indicated that comparable numerical and VA TOR values can be

obtained using the entidg, length to calculatégS3P values in 1D models and 2D models with

source zones vertically discretized in 2 layers. Hetispersionn aqueougphase transport had a
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negligible role in replicating monitored effluent histories using coarser 2D discretization scales of

source zone reference volum¥s)( regardless of the differencellh magnitudes (Tablé-1) and

o £ dimensions (Tabld-2) between both experiments. The intersection of the VA TOR line with
numerical TOR lines in Figuré-6 was used to produce the empirikal* scaling correlations

shown in Figurd-7. For both experiments, betttrend lines were found through power @tions

correlating the number of prescrib&g¢lblocks to the number of necessagygrid blocks.
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Figure 4-7. Empirical correlations between the numberXgfblocks and the prescribed numberzafblocks that

produced comparable (a) Pool 1 and (b) Pool 2 dissolution results with the VA models.

For

Xp length only for the purpose of calculating a sing®°v a | u e

clarity,

by Equationg}-8 and4-9:

where® is a scalec, length in relation to the source zone vertical discretization:
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anddis a scaling parameter for empirically minimizing grid effects on the numerical mass transfer
simulation. The range af values is expected to vary between ~D.DP.4 in most practical
applications, per results in Figuée/ and Tablel-3. As indicated in Tabld-3, the& parameter
decreases i n ma gdiscretipatoa and/or tatyédr falueseThis ispaecause the
accurate resolution of concentrations gradients driven by Upwalues has more stringent
discretization regirements, which are relaxed by highérvalues in relation to the grid Peclet
(Pe) number (Zheng & Bennett, 2002). Here, the verticad PegZ (Table4-3). Equations}-8

and 9 thereby provide a means to constrain the uncertaity 8fparameters as a function of
source architectural and discretization dimensions. This represents an advantage over assuming
DNAPL pool dissolution as local equilibrium process resolved by ultrafine numerical grids for
decisionsupport applications (FaltapD03; Parker & Park, 2004; Kokkinaki et al., 2014; Stewart

et al., 2021). Equatiof+8 and4-9 could instead be used to constrain mass transfer uncertainty in
layered models, such as numerical modeling of multilevel monitoring systems for characterizing
heterogenous sources (Mobile et al., 2012; 2016; R&stoada et al., 2023b).
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Table 4-3. Comparison of gricscaled DNAPL pools lengthsy() andks>2P coefficients calculated using differeaht

values (Equationd-8 and4-9), including absolute and normalized Pe values. TOR results are shown in4&-g&ure

Zs!| ¢p| Pe |PelP&| o L _(cm) koS3P(d?) d £_(cm) koS3P(d?)
Pool 1
1 - - 0.43 22.0 1.018 0.30 22.0 1.018
95 1 043 16.3 2.420 0.30 17.9 2.296
5 38 04 |043 11.0 7634 | 030 136 6.742
"10 19 ‘0.2 | 043 82 18.278 | "0.36 9.6 16.576
19 10 011 |043 6.2 41.165 | 043 6.2 41.165
"38 ‘5 '0.05 | 043 4.6 99.314 | '0.43 4.6 99.314
Pool 2
1 - - 0.42 230.0 0.008 0.30 230 0.008
562.5 1 0.42 171.9 0.019 0.30 186.8 0.018
5 225 04 | 042 117.0 0.061 0.30 141.9 0.054
"0 |"125| "0.2 | 042 87.4 0.145 |"0.30 115.3 0.123
"45 25 | "0.04 |0.42 465 0974 | 042 465 0.974

Symbols” and” highlightanincrea of d valuesrelative todecreasindPegPe"® values.

Figures4-8a and4-8b show a TOR comparison between VA results and SEAM3D simulations
usingko>3P coefficients scaled for Pools 1 and 2, respectively, using conptaites (Figure-7

and Tabled-3). Betterapproximations to VA TOR values were achieved by 1D numerical results,
and by 2D numerical r e s udheights ip bothéxperimehtSiguies h t h e
4-8a and 4-8b alsoindicate a tendency for underestimating TOR with numernalels
correspondingte nt e r mesthaighstusing th& correlations shown in Figdr&, suggesting

a need for adjusting tiegparameter for greater SEAM3A TOR equivalencies at multiple grid
resolutions. Figure4-8c and 8d show improved TOR equivalency byating thed exponent as
indicated in Table4-3. Both the adjusted and constahtvalues, presented in Tabe3, are
consistent with further scaling &6°C values with decreasing vertical Pe values to reproduce
upscaled MD and TOR predictions. However, while the absolute Pe magnitudes differed between
both experiments, the normalized Pe values in T&Blsuggested a complex relationship between

the scalingexponent] and the model layering, highlighting the worth of Equatib@sand4-9 to
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empirically account for complex grid effects on upscaled mass transfer rates. A statistical summary

of the variability in predictive TOR values across all discretizagmanarios is presented in Table

4-4.,
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Figure 4-8. Comparison between SEAM3D and VA TOR results. Panels (a) and (c) depict results estimated with
constant] values whereas (b) and (d) witthvaluesadjusted empirically for Pools 1 and 2, respectively. All panels
show a tendency for underestimating TORydels with more than 10 layers and normalized Pe v&l0e% (Table

i nsensi tpiofdodrsdaydred and @DvmogalsaAll 22 n t

4-3) ,

contrasti

No. of X, grid blocks

ng the

No. of X, grid blocks

models require#;>P scaling (Equationd-8 and4-9) to approximate the VA physical TOR predictions.

Table 4-4. Statistics of TOR results averaged across all discretization scenarios413hdepicted in Figurd-8.

Estimated VA TOR values are 27.4 days 80 years for Pool 1 and Pool 2, respectively.

Average Pool 1 Pool 2

Statistic  Fixed ¢  Variable d PEST Fixed ¢ Variable q PEST
€ 26.4 days 27.3days 29.3days| 29.2years 30.6 years 26.7years
V! 1.5 days 0.9 days 1.1 days 2 years l.2years 2.1lyears
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As shown in Figured-8b and4-8d, and as quantified by the summary statistics presented in Table
4-4, reducing VASEAMS3D disparities in TOR predictions through empirical adjustment of the
par ameter can al s o ,lenyths: Spedficallyt al 2Donurhericalamodelsp X
required scaling ok, coefficients, but only models with 10 or more layers (P&#FR@0.2 in
Table4d-3) s howed s g asshown by all panelstindriguigeX Figures4-8b and4-8d
suggest thad lengths calculated with Equati@ik8 and4-9, by empirically adjusig d, can be
used t o pldngthsi nmnemizopgrid effects on upscaled mass transfer rates. For example,
whens=pZ0. 5 cm in t Rheddocnahdy £ 4.6 anspeoduceche closest
approximation to the upscaled TOR values (#gegrid blocks in Figuret-8b). Similarly, when
®Z= 1 cm i n t he=4Bonvdndd2= 46 5ceapproximéted the upscaled TOR
prediction (fiveXp grid blocks in Figire4-8d) without underestimating it. The empirical approach
for scaling estimable bulk mass transfer coefficiett$”( can be valuable for constraining

numerical simulations where dispersive transport across NAPL blocks is significant.

4.8.3.Inverse Numerical Modeling

Figure 4-9 shows a TOR comparison between VA predictions and inverse SEAM3D results
derived from lumpegbrocess,>3C parameters (Equatioh3) estimated foeachcombination of

source discretization lengths (TablBs5 and B-7 ) . The goal of k€% ti mat
parameters by matching pool dissolution histories was to gain insights on source mass depletion
variability induced by dispersive transport across DNAPL grid blocks, referred to as grid
resolution effects. As shown in Figufed, TOR estimates varied mmally with go X lengths
withine a c I, expept for singkblock numerical result®©verall, PEST results tended to slightly
overestimate TOR, except for the fings#& case of Pool 2 (Figuré-9b). This case emphasized

the propensity for model biasing bystory matching without uncertainty constraints (i.e.,
parameter uncertainty bounds). Yet discrepancies with respect to VA predictions were negligible
from a practical standpoint.

In the Pool 1 case, PEST minimization of residual gittpwith respect to fluctuating discharge
concentrations (measurement noise) slightly underestinkat&dvalues (TableB-5) and TOR

(Figure4-9a), despite the availability of a complete monitoring profile (Figgr&sand4-10). In
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the Pool 2 case, fitting few steadystate dissolution measurements required arbitrarily truncating

the all owed parameter movement t os=deno(Tatlef urt h
B-7). Otherwisek;>P values would have reached any prescribed upper parameter bounds driven

by unconstrainetlminimization. These results corroborated the decreasing sensitivity (Bigure

5) to effluent rates by layered models where dispersive transport across sourceogksd bl
regulated the mass transfer simulation. Inverse modeling results supported the calculation of a

singleko>P parameter (Equatioa-8) for eachpp Z, where® values (Equatiod-9) can be used

to define optimatp % lengths, minimizing numerical andeqglictive errors.

(b
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Figure 4-9. Comparison between inverse SEAM3D modeling and VA estimates of TOR. (a) Pool 1 results show a
slight overestimation of TOR values, whereas (b) Pool 2 results show a slight underestimation. Both panels show
mi ni mal TOR var ipdehgthtfot v ag éxcepddos all airlghblockpXumerical results.

Figure4-10 shows a comparison between MD rates simulatedkgitRusing Equationg-8 and

4-9 vs twofold and solubilityimit ko>C increments in models with the finest vertical layering.
While numerical error is obvious in the shahd longterm Pooll simulations (Figured-10a
and4-10b), modeling the steadstate PoeR dissolution does not show any error (Fig®0c).

The later emphasizes the namiqueness of lumpeprocesk>P parameters, whereas all panels

in Figure 4-10 highlight the ultrafine gridding required to simulate DNAPL pool dissolution
assuming local equilibrium. Attributing numerical error to grid resolutd@s confirmed by
reducing time steps calculated implicitly by the generalized conjugate gradient (GCG) solver in
SEAM3D. Although the GCG solver calculated time steps well below the explicit criteria for
numerical stability in dispersive transport simwat{Appendix B, decreasing time steps further

by an order of magnitude did not reduce error (results not shown). These analyses supported the
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empirical scaling of estimablk'* coefficients to constrain the uncertainty of lumpged®®
parameters, regulated by aqueous hydrodynamic dispersion across DNAPL grid blocks in relation
to vertical and downgradient source discretization, and monitoring data availability.
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Figure 4-10. Comparison between measured and simulated MD rates using the VA and SEAM3D models. SEAM3D
simulations correspond to the finest vertical discretization of Pools 1 (a and b) and 2 (c and d). All panels contrast
results ofkoS3P parameters constrained by Bdgions4-8 and4-9 vs twofoldk,S2Pincrements up to solubility limits.

4.9.Conclusions

A straightforward method for simulating upscaled DNAPL dissolution in discretized domains
correlated the numerical grid resolution to pool zone lengths in the downgradient direction. Scaling
the downgradient pool lengths for constraining a single massférgoarameter as a function of
sourcezone model layering was supported by a series of forward and inverse numerical analyses.
The former showed a decreasing sensitivity of mass transfer parameters to experimental mass
discharge rates with increasing nuenbof model layers, while the latter revealed minimal

variability in estimated values as a function of downgradient source discretization. In turn,
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downgradient discretization was found relevant for reproducing upscaled DNAPL dissolution in
cases where digrsive transport regulated mass transfer rates, corresponding to models with 10 or
more layers in both experiments. This attribution was found to be independent of the difference in
magnitude in source zone dimensions, model layer thicknesses, andrzansvical dispersivity
coefficients between experiments, suggesting value in empirical scaling of physical mass transfer
coefficients for lumped parameter constraining. The empirical approach involved adjusting a
scaling parameter to match upscaled $ations of DNAPL pool dissolution and physical
predictions of source mass depletion in discretized domains. Nonetheless, limitations to the
approach for practical applications include the scale of the laboratory experiments, encompassing
relatively homogeous porous media characteristics and idealized flow conditions not
representative of largecale field systems. While the VA mass transfer model offers adaptability

to source zone dimensions and flexibility for accommodating-fleld heterogeneity, adaanal
research leveraging higlesolution site characterization and historical mass discharge monitoring

could prove beneficial for additional testing of the scaling methodology.

A key advantage of the methodology leverages the physical basis of théedpBd®APL
dissolution model to explicitly constrain numerical simulations of mass transfer and transport. The
simplest approach involves designating a single source block within a-Eggienumerical
model, as the analyses indicated that providing Eguat with source architectural dimensions
would not require scaling bulk mass transfer coefficients to the downgradient grid resolution.
Conversely, layered models may benefit from the empirical scaling analysis in situations where
the grid resolution aridr the scale of vertical hydrodynamic dispersion regulate mass transfer
across DNAPL grid blocks. Examples of potential applications include inverse modeling of
multilevel monitoring systems to estimate spati@ifyying lumpeedprocess parameters and
satuations, and the simulation of DNAPL dissolution in multiple hydrostratigraphic units. In these
situations, the explicit relationships of the VA model provide a viable method for constraining the
plausible variability of lumpegbrocess parameters on thesisaof source zone delineation, which
may be refined by fitting monitoring histories constrained by the scaling approach. Defining scale
dependent madgsansfer uncertainty bounds would thereby reduce the possibility for incurring

model error and predictvbias through history matching.
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Future research is needed to discern grid resolution effects on numerical mass transfer simulation
vs scaledependent transverse hydrodynamic dispersion not captured by the VA model, including
datasets from contaminate@lfl sites. Multicomponent dissolution analyses are also needed to
evaluate the variability of the empirical scaling paramdtesth aqueous solubility, regulating
interphase mass transfer rates (Equation 1). Although mass transfer variability wagctbyt dir
attributed to vertical Pe numbers, accurately fitting VA simulations with SEAM3D required
slightly largerd values for Pool 1, relative to Pool 2 in models with 10 or more layers. These
comparative trends suggest value in future examination of mngonent data to discern drivers

of mass transfer variability. Specifically, distinguishing variability caused by grid resolution
effects vs hydrodynamic vertical dispersion not captured by the upscaled model would increase
confidence in decisiesupport @plications. Such distinction can be explored by comparing
simulated vs measured concentrations at discrete vertical intervals, using -jiropesk
parameters constrained on the basis of NAPL zone dimensions (Equaticnrsd4-5), with or

without paramter scaling (Equations 8 and 9) to fit observations. Furthermore, implementing
multi-rate coefficients in single SEAM3D source blocks may be of further practical value, where
geostatisticallycorrelated flow and transport parameters can support the geetaih of plume

and source attenuation uncertainties at field scales.
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Chapter 5. Conclusions

Multiple findings in this work contributed to the development of quantitative approaches for
estimating rates of DNAPL dissolution groundwater. Given the uncertainty of DNAPL mass
transfer processes and source zone characterization challenges at field sites,-slqugign
modeling tools must be able to assimilate multiple data to quantify and reduce environmental risks.
This reseath combined numerical and upscaled modeling approaches with uncertainty analysis
tools to elucidate upon advantages, limitations, and recommendations on data assimilation
techniques for estimating source zone parameters and DNAPL depletion timeframes. High
resolution experimental datasets were leveraged to investigate adequate model parameterization

methods to avoid predictive bias. Research findings are summarized as follows:

Chapter 2. Quantifying DNAPL source zone longevity with upscaled modelingcptagsights

from flowcell experiments and uncertainty analyses.

Oftentimes there is a lack of consistent groundwater monitoring data representative of final stages
of DNAPL depletion, or of source zone delineation measurements. Also, even if tHastareal

release records, measuring the amount of entrapped DNAPL mass and saturations by direct
characterization technologies is not possible. If pertaining todagiration accumulations (e.qg.,
pools), DNAPL mass, vertical dispersivityr}, and disslution-tailing (b) coefficients were shown

to regulate DNAPL longevity by sensitivity analyses of voleeweraged (VA) models of flow

cell experiments. While experimental effluent profiles were not sensitive to systematic variations
of DNAPL pool paramets, firstorder seconanoment (FOSM) analyses revealed that
uncertainties on mass an# values could be significantly constrained by monitoring of pool
dissolution, whereab could not. Predicting source depletion scenarios must thereby express

remainingmodel uncertainties, including the plausible variabilitp glarameters.

Coupling the VA modeling system with an iterative parametesemble smoother (iES) facilitated
the stochastic expression of model uncertainties on predictions of source zonetjyongev
Generating unbiased, ledensity probability distributions of source depletion timeframes was

possible by assuming prior knowledge of coarse DNAPL delineation with no effluent records.
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However, historymatching of multistage and nemonotonic dissoltion profiles required
increasing model parameterization complexity to avoid biasing (underestimating) predictions of
source longevity. Increasing the number of DNAPL mass accumulations commensurate with
dissolution stages, observed in monitoring profilesnstrained unbiased model predictions.
Likewise, although sensitivity and nonlinear uncertainty analyses showed thaatoration
ganglia dissolution did not impact source longevity estimates, inverse modeling of discharge
concentration peaks excludinganglia parameters significantly underestimated residual
saturations. In practice, incorrectly estimating low saturations could mislead injbased

remedial designs aimed at reducing source discharge concentrations.

Regardless of source zone arctiiteal complexities, FOSM dataorth analyses emphasized the
importance of discharge concentrations reflecting final DNAPL depletion stages for constraining
source longevity estimates. Nonetheless, inflection points along the complex dissolution profile of
a heterogeneous source zone were also linked to reductions on VA model uncertainties. In this
case, inverse VA modeling with iES accurately reproduced the effluent profile by excluding the
Ur parameter from the most downgradient kégtturation DNAPL massresponsible for the
heterogenous source zone longevity. This finding showed value in the mass transfer coefficient
generalization within the VA framework, as exclusive ganglia vs pool dissolution coefficients
would not account for geological heterogepeibntrols on mass transfer processes, regardless of
DNAPL saturation distributions. In summary, this chapter elucidated upon VA model construction

strategies suitable for quantifying the uncertainty of DNAPL longevity driven by data availability.

Chapter3. Numerical modeling and datmorth analysis for characterizing the architecture and
dissolution rates of a multicomponent DNAPL source.

Simultaneously characterizing the mass, architecture, and dissolution rates of a multicomponent
(chloroform TCM, trchlorethylene TCE, perchloroethylene PCE) DNAPL source zone was
achieved through inverse numerical modeling of adnggolution monitoring dataset. The source
zone architecture was inferred from breakthrough analysis of multdewapling (MLS)
concentréons indicative of upgradient DNAPL mass. The MLS profiles allowed for the

parsimonious parameterization of DNAPL zones in a 3D numerical model of mass transfer and
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agueousphase transport, representing a field aquifer test cell. The simultaneous estiofati
spatiallyvarying, componenspecific {) initial mass transfer coefficientk §') and soil DNAPL
concentrations@"), from MLS profiles only, underestimated initial DNAPL mass and longevity.
This underestimation resulted from inverse modeling using a parallegradientbased
optimization routine, in contrast to stochastic parameter optimization with IES. Theallmttezd

for identifying MLS and mass discharge (MD)easurementsesponsible foparameterbias

referred to as priedata conflict{PDC).

Prior-based Monte Carlo analyssisowed that initial peaks of contaminant concentrations could
not be simulated bsandomized parameter realizations within uncertainty bounds, given the model
design (including fixed transport parameter values). In turn, FOSMwiath analysis showed

that maximum MLS and MD concentrations constraikel values, whereas dissolutidailing

of the most soluble and least by volume DNAPL component (TCM) constréisitdalues.
Accurate characterization of source zone architecture and depletion was thereby achieved by
removing PDC values and including both MLS and MD measurements tanymsatching. While

MLS tailing signatures were truncated for history matching because of excessive noise driven by
water table fluctuations, complete MD signatures allowed for spreading data noise across all

DNAPL zones, improving the estimation of imaitsource mass.

This investigation elucidated upon the advantages and limitations on inverse modeling of high
resolution monitoring data for decision support at field sites. Analyses of DNAPL depletion by
methanolenhanced dissolution produced signifidardifferent results on the basis of residual
saturation assumptions reported by the experiment authors. These results highlighted the value of
inverse modeling for source zone characterization, where two distinctly calibrated models agreed
on the amount oDNAPL mass eliminated by natural groundwater dissolution. However,
multiscale architectural and dissolution heterogeneities, identified on MLS profiles, were linked
to the propensity for underestimating source zone mass and longevity, as accuratesestmneat
constrained by final DNAPL depletion stages. Although such measurements were available for the
simulated experiment, the mass depletion pararbeteuld not be constrained. In summary, these

novel results demonstrated the benefit of coupling inverse numerical modeling with linear and
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nonlinear uncertainty analysis methods for the effective assimilation ofésglution monitoring

data, supportingharacterization efforts of DNAPL source zones.

Chapter 4. Scaling of DNAPL dissolution rates: Numerical modeling analyses.

As demonstrated in the previous chapters, if available, histatghing data may bias mass
transfer parameters and predictiofsaurce longevity without adequate uncertainty constraints.
Exploring the variability of source longevity with numerical discretization of VA models of two
flow-cell experiments of DNAPL dissolution showed a relationship between grid resolution and
sourcearchitecture, providing a methodology for scaling estimable, bulk mass transfer coefficients
(kYA to constrain griescale, lumpegbrocess mass transfer coefficierts®p) a priori (prior to
history-matching). Scaling d€"* coefficients as a function etimerical model layering and source
downgradient length allowed for reproducing VA physical predictions of DNAPL pool depletion

in 2D numerical domains, where transverse hydrodynamic dispersion regulated the sensitivity of
k>3Pcoefficients with respecotexperimental MD rates. Decreasing sensitiviti8P coefficients

with increasing model layering was found independent of source zone dimensions, model layer
thicknesses, andr values used to simulate the experiments. However, numerical analyses of bot
experiments coincided on the number of model
controlled the variability of source longevity, caused by aqueous dispersive transport across
DNAPL grid blocks.

Al t hough only models with 10 or more | ayers
transport, all 2D models required scalingk¥t coefficients to reproduce bulk effluent rates and
approximate VA estimates of pool mass depletion. Accurate numapgpabximations required

empirical adjustment of a scaling parameaiedecreasing known downgradient source lengths

with increasing model layering to obtaittPvalues a priori. The deterministic numerical analyses

were supported by inverdé®® estimaton resul ts, showing mini mal
overestimation (nowinique solutions) ok>3P driven by monitoring data availability and source
zone vertical di scr et i x¥BPtvaluesnup to GZE)and PSE aguebua r | vy ,
solubilityli mi ts i n models with discretized vertical

error and underestimation of source longevity, while fitting early dissolution data. Emkifical
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scaling proved useful for constraining the uncertainticcé? coefficients on the basis of model
layering, source zone dimensions, aidoefficients relevant to DNAPL pool dissolution. This
research showed that merging VA and numerical modeling provides an efficient framework for
reducing uncertainties on DNAPL sourdesipation at multiple scales of spatial resolution.

5.1.Recommendations for Future Researcland Development

Future research is needed to discern the role of hydrodynamic dispersion not captured by the VA
model vs grid resolution effects on DNAPL mass transf discretized domains, including field
datasets of historical mass discharge monitoring and source zone characterization. Chapter 4
demonstrated a relationship between vertical dispersive transport and schYthgoeffficients to

grid resolutions dew MD monitoring scales. Howevek'” scaling may not be required in layered
models where vertical dimensions of grid DNAPL zones match the monitoring scale, such as the
multilevel transect in Chapter 3. The DNAPL mass and dimensions of grid parameteirztre

Borden numerical model (Chapter 3) could be used to define upscaled source reference volumes
(Ve), and architectural volumes such that OVs, in order to calculate a range of plausikfé

values. These could be contrasted with previously estinkét€dralues to evaluate the need for

kYA scaling, should the latter not encompass the former. This comparison would provide further
insights on constraining the uncertaintkdi parameters inumerical models of multicomponent
sources. Furthermore, Chapter 4 showed that stellelD numerical models reproduced MD

rates and DNAPL longevity using values, suggesting value in developing mrdte mass

transfer capabilities for single DNAPLid blocks.

Specifying multiplekS3P values in a single grid block would enable the efficient numerical
simulation of multistage dissolution rates caused by heterogeneous DNAPL saturation
distributions. Such distributions can be inferred from source characterization data, including
boreholdogs, laser induced fluorescence, membrane interface probes, and aquifer profiling tools,
providing uncertainty ranges fir3P coefficients using VA model concepts. This approach could
support modeling of DNAPL source and plume attenuation processesenodenous aquifer
systems, including dualomain transport, biodegradation, bat#usion, and additional

mechanisms using computationally efficient numerical grids. By gaining efficiency, numerical
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models can be coupled with uncertainty analysis t@otpiantify environmental risk and support

groundwater remedial designs.
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Appendix A: Supplementall nformation to Chapter 3.

Mathematical Model

Solute Transport Equation

TT—(bf)é TT_(;)'OTT% % Yhoop U; Tio (A-1)
o) ML-3  Aqueous phase concentration of species k
W L Distance along cartesian coordinate axis
o T Time
0 LT? Average pore water velocity
O L2T*  Hydrodynamic dispersion coefficient tensor
n T1 Volumetric flux of water per unit volume of aqui
representing fluid sources (positive) and sir
(negative)
0 ML3 Concentration of the source or sink flux for spec
k
0 LMt  Distribution coefficient
” ML-3  Bulk density
— L3L®  Aguifer porosity
'y h ML3T? Source term representing NAPL dissolution
species k
NAPL mass balance term
16" —
o —Y @ (A-2)
§ h ML3 NAPL phase concentration of species k
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NAPL sourceterm

Y8 QMg 8 (A-3)
Qhn T1 Lumped mass transfer coefficient of species k
0 ML3  Agqueousphase equilibrium concentration ¢

species k calcul ated

Table A-1. Input parameters of groundwater flow and solute transport model including NAPL properties

Model Parameter Value Data Source
Hydraulic conductivity (m/d) 2.0 Broholm et al. 1999
Porosity (%) 33.0 Broholm et al. 1999
Longitudinal dispersivity (cm) 5.0 Mobile et al. 2012
Transverse horizontal dispersivity (cn 0.5 Mobile et al. 2012
Transverse vertical dispersivity (cm) 0.05 Mobile et al. 2012
TCM sorption coefficient (ifig) 3.0x10°% Mobile et al. 2012
TCE sorption coefficient (/1g) 5.0x 108 Mobile et al. 2012
PCE sorption coefficient (ffg) 1.3x107 Mobile et al. 2012
Soil bulk density (g/rf) 1.65x 10° Mobile et al. 2012
TCM initial NAPL mass fraction (%) 9.60 Broholm et al. 1999
TCE initial NAPL mass fraction (%) 37.9 Broholm et al. 1999
PCE initial NAPL mass fraction (%) 52.5 Broholm et al. 1999
TCM idealsolubility (mg/L) 8700 Broholm et al. 1999
TCE ideal solubility (mg/L) 1400 Broholm et al. 1999
PCE ideal solubility (mg/L) 240 Broholm et al. 1999
TCM molecular weight (g/mol) 1194 Rivett et al. 2001
TCE molecular weight (g/mol) 131.4 Rivett etal. 2001
PCE molecular weight (g/mol) 165.8 Rivett et al. 2001
TCM density (g/crd) 1.48 Broholm et al. 1999
TCE density (g/cr) 1.46 Broholm et al. 1999
PCE density (g/cR) 1.62 Broholm et al. 1999
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Table A-2. Parameter values used to calculate percentages of initial NAPL mass removed by natural dissolution and

methanol flushing presented in Table 5.

Parameter TCM TCE PCE
Initial NAPL (L) 0.48 1.895 2.625
Initial NAPL (g) 739.2 2918.3 4042.5
Remaining NAPL (LYY 0.001 0.34 1.24
Remaining/Initial NAPLYY ~ 0.002 0.179 0.472
Remaining NAPL (g)® 1.54 523.6  1909.6
Remaining NAPL Fractions

@ 0.0006 0.2151 0.7843
Remaining NAPL (LY 0.002 0.532 1.940
Remaining/Initial NAPL®  0.0033 0.2807 0.7390
Remaining NAPL (g) @ 2.4 819.1  2987.3

Total
5
7700

1.58
0.32
2434.74

2.47
0.49
3808.8

Source

Mobile et al. (2012)
Mobile et al. (2012)
Broholm et al.
(1999)

Calculated

Calculated

Calculated
Calculated
Brohdm et al.
(1999)
Calculated

Calculated

) postexcavation volumes (L) of each NAPL component provided by Broholm et al. (1999) assuming a homogeneous

3.6% NAPL saturation of the pore space in all excavation layBotal postexcavation NAPL volume (L) provided

by Broholm et al. (1999) assumiag20% NAPL saturatioin excavation layer 2 and a 3.6% saturation in oiedr

layers.® Remaining volume (L) and mass (g) calculated for each NAPL component usiimglithéual remaining

fractions in® reported by Broholm et al. (1999)pplied to the total remaining NAPL volume'@f47 Lalso reported

by Broholm et al. (1999)
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Appendix B: Supplemental Information to Chapter 4

SEAM3D Mathematical Model (Waddill & Widdowson, 200D

SoluteTransport Equation

T . T 10
— 0 — O —
Tw v Tw Tw
o} ML-3
W L
0 T
) LT1
O L2T1
f T
o} ML-3
0 L3M1
" ML-3
_ |_3 L—3
'y h ML-3T1
NAPL mass balance term
10
)
6 n ML-3

10

€ — 0]

(B-4)

Aqueous phase concentration of species k
Distance along cartesian coordinate axis

Time

Average pore water velocity

Hydrodynamic dispersion coefficient tensor
Volumetric flux of water per unit volume of aqui
representing fluid sources (positive) and sir
(negative)

Concentration of the source or sink flux for spec
k

Distribution coefficient

Bulk density

Aquifer porosity

Source term representing NAPL dissolution

species k

—Y 8 (B-5)

NAPL phase concentration of species k
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NAPL sourceterm

Yy 8 %% oho & (B-6)
o n T1 Lumped mass transfepefficient of species k
o ML-3 Aqueousphase equilibrium concentration
species k calcul ated
W L3 Volume of source grid block containing NAPL m.
a M NAPL mass

Volume-Averaged (VA) Mathematical Model (Stewart et al., 2021)

. P @
- = - = B-7
o’oor X Qo (B-7)

(b_ E UC%O R (OJ (B-8)
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of ML-3 Averageaqueousphase concentration of species

o T Time
0 L3T  Volumetric flow rate through &/
" L3 Source zone reference volume containing all N/
accumulations
a M Mass of NAPL accumul a
o T4 Bulk, timewvarying mass transfer coefficient
NAPL accumul ation fAao
0 L3M-1  Distribution coefficient for species k
Aqueousphase equilibrium concentration fro
0 p ML2 NAPL accumul ation fdao
usingRaoul t 6s Law
Y T Average NAPL saturation in source zone

— L3L®  Aguifer porosity
Average aqueouphase concentration of species

0k ML-3  entering the sulvolume of NAPL accumulatio

~

fiao
Discretization of Bulk Mass Transfer Coefficients

Root mean squared error (RMSE) values between simulatex &nd measuredobs) mass

discharge rates were calculated as:

Y YO 03 [ Q6 £ O (B-9)

where N is the number abservations.
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Table B-1. Source zonaliscretizationof Pool 1, includinginitial mass transfer coefficientg>3P estimatedwith
Equationd-7. Coefficients estimated with Equatio#s3 and4-9 using variable| values are included for comparison
(Table4-3).

X% (cm) 22 11 4.4 2.75 2 L _

% (cm) ko3P (d)
19 1.018 1.528 2.690 3.653 4.525 1.018
9.5 2.037 3.056  5.380 7.306 9.050 2.296
3.8 5.092 7.639  13.450 18.265 22.626 6.742
1.9 10.185 15.278 26.901 36.529 45.252 16.576
1 19.351 29.028 51.112 69.405 85979 41.165
0.5 38.701 58.056 102.223 138.811 171.958 99.314

Table B-2. RMSE values obtained from Equatiofv4Table B1) with respect to effluent data of Pool 1.

% (cm) 22 11 4.4 2.75 2

P & (cm) RMSE
19 0.187 0.190 0.178 0.102 0.042
95 0.194 0.192 0.173 0.092 0.043
3.8 0.186 0.173 0.146 0.062 0.053
19 0.137 0.122 0.097 0.042 0.064
1 0.086 0.074 0.056 0.044 0.071
0.5 0.056 0.049 0.043 0.052 0.076
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Figure B-1. Plot of Table B2 results.
Table B-3. Source zonaliscretizationof Pool 2, including initial mass transfer coefficientg>3P estimatedwith

Equationd-7. Coefficients estimated with Equatio#s3 and4-9 using variable| values are included for comparison
(Table4-3).

®%(cm) | 230 115 46 2875 23 +_
P4 (cm) ko3P (d)
45 0.008 0.012 0.022 0.030 0.035 0.008
22.5 0.016 0.025 0.044 0.059 0.069 0.018
9 0.041 0.061 0.109 0.149 0.173 0.054
4.5 0.082 0.123 0.218 0.297 0.346 0.123
1 0.367 0553 0.981 1.337 1555 0.974

Table B-4. RMSE values obtained from Equatiof¥4TableBS3) with respect to effluent data of Pool 2.

o X% (cm) 230 115 46 2875 23
P& (cm) RMSE
45 0.311 0.261 0.174 0.058 0.015
22.5 0.247 0.211 0.144 0.047 0.018
9 0.126 0.112 0.080 0.022 0.030
4.5 0.048 0.043 0.030 0.017 0.042
1 0.019 0.021 0.026 0.039 0.055
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Figure B-2. Plot of Table S4 results.

Inverse Numerical Modeling

Table B-5. TOR results of inverse numerical modeling of Pool 1 with PEST.

mp % 22cm 1lcm 4.4cm 2.75cm 2cm

(0 025 ko TOR | ko®P TOR | ko®® TOR | ko3® TOR ko%® TOR
cm d? days | d? days | d! days| d! days| d? days
19 0.971 30.04| 0.971 30.04| 0.972 30.04| 0.977 29.94| 1.010 29.05
9.5 | 2.022 30.29| 2.023 30.23| 2.026 30.23| 2.050 29.95| 2.189 28.26
3.8 | 5,703 30.82| 5.705 30.85| 5.726 30.75| 5849 30.16| 6.798 26.64
19 | 13.678 31.13|13.683 31.13|13.714 30.96| 13.926 30.46| 17.283 25.55
1 34.251 29.94| 34.400 29.82| 34.248 29.84| 32.263 30.12| 40.403 24.90
0.5 | 95576 28.20|95.847 28.13|92.965 28.29| 83.856 28.63| 100.700 24.37
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Table B-6. RMSE values of inverse numerical modeling of Pool 1 with PEST.

mp % 22cm 1lcm 4.4cm 2.75cm 2cm
p% | ko>3P RMSE | ko>P RMSE | ko3P RMSE | ko3P RMSE | ko3P RMSE
cm d* - d? - d*? - d+? = a? -

19 | 0971 0.043| 0.971 0.043| 0.972 0.043| 0.977 0.043| 1.010 0.042
9.5 | 2022 0.042| 2.023 0.042| 2.026 0.042| 2.050 0.042| 2.189 0.042
3.8 | 5,703 0.041| 5.705 0.041| 5.726 0.041| 5.849 0.041| 6.798 0.041
1.9 |13.678 0.041|13.683 0.041|13.714 0.041| 13.926 0.041| 17.283 0.041
1 34.251 0.041|34.400 0.041|34.248 0.041| 32.263 0.043| 40.403 0.043
0.5 |95.576 0.04& | 95.847 0.042|92.965 0.042| 83.856 0.045| 100.700 0.046

Table B-7. TOR results of inverse numerical modeling of Pool 2 with PEST.

mp X% 23cm 28.75 cm 46 cm 115cm 230 cm
®P% | ko> TOR | ko3P TOR | ko3P TOR | ko3P TOR | ko®P TOR
cm d* years| d! years| d! years| d! years| d! vyears

45 | 0.008 32.82| 0.008 32.82| 0.008 32.82| 0.008 32.58| 0.008 31.49
22,5 | 0.018 32.70| 0.017 32.70| 0.017 32.70) 0.017 32.34| 0.017 30.17
9 0.061 32.16| 0.051 32.32| 0.049 32.16| 0.049 31.15| 0.049 26.91
45 | 0191 30.24| 0.142 30.25| 0.134 30.06| 0.133 28.53| 0.133 23.12
"1 1.707 26.38| 1.707 26.38| 1.707 25.96| 1.707 24.72| 1.707 22.40

"All koSP parameters were truncated at the indicated value to avoid excessive TOR underestimation.
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Table B-8. RMSE values of inverse numerical modeling of Pool 2 with PEST.

(00)4 23 cm 28.75cm 46 cm 115cm 230 cm
P25 | ko™>*® RMSE | ko%3® RMSE | ko>P RMSE | ko3P RMSE | ko3P RMSE
cm d?! - d? - d? - d? - d? -
45 | 0.008 0.015| 0.008 0.015| 0.008 0.015| 0.008 0.015| 0.008 0.015
22,5 | 0.018 0.015| 0.017 0.015| 0.017 0.015| 0.017 0.015| 0.017 0.015
9 0.061 0.015| 0.051 0.015| 0.049 0.015| 0.049 0.015| 0.049 0.015
45 | 0.191 0.015| 0.142 0.015| 0.134 0.015| 0.133 0.015| 0.133 0.015
"1 1.707 0.018| 1.707 0.018| 1.707 0.018| 1.707 0.018| 1.707 0.020

"All koS30 parameters were truncated at the indicated value to avoid excessive TOR underestimation.
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Figure B-3. Comparison between measured and inverse numerical modeling of experimentdiscizeage (MD)

rates. Panels (a) through (c) correspond to Pool 1, whereas panels (d) through (f) correspond to Pool 2.
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Time Step SizeComparison

Criteria for maximum transport step

si ze

(B-10)

where Qx and D« are the principal components of the dispersion coefficient. Considering the

numerical modeling conditions of Pools 1 and 2:

wherevy = g/d is the contaminant velocity. Considering Figd«#0,

Pool 1:
Yo & T8 TT UCX
TBICWE CPFRIQ MPpwd ¢ pd W IQ
T8 WA ™ W a
Pool 2:
ye e Q
O Bcod (WRFQ B HE (BmIo
T @a pwa

Compared to GCG (generalized conjugate gradient) solver implicit calculations:

Pool 1: oot 0.00168 days
Pool 2 : ot 0.027645 days
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Appendix C: Model Calibration

In this work model calibration was undertaken with PEST and PEST_HP software, which can be
downloaded at no cost from the PEST websitetat://pesthomepage.org/programdncluding all

the necessary user manuals and documentatiafipat/pesthomepage.org/documentationThe

PEST website also provides free educational content, ingwdseries of videos, webinars, and
tutorials. Another useful website is provided by the Groundwater Modelling Decision Support

Initiative (GMDSI) athttps://gmdsi.org/. This website als@rovides free educational content,

including more videos, tutorials, worked examples, and a series of PEST roadmaps with practical

and theoretical considerations.

This appendix provides some key points and practical considerations for using PEST and
PEST HP, referring to their corresponding user manuals as necessary. Both programs estimate
model i nput parameters by minimizing an objec
and weights using the GadssvenbergMarquardt (GLM) algorithm and Jacohisensitivity

matrices calculated using parameter finite differences (Doherty, 2015). All PEST versions,
including PEST++ES (Appendix E) require cantrol, template(for input parameters)and

instruction (for retrieving observations) files. PEST requiraedels to use text (.txt) files for

model input and output files. Examples are provided for calibrating SEAM3D models, including

practical suggestions.

PEST control file (.pst)

The control file contains information on model parameters, observations, and optimization
settings. Refer to tHREST User Manual Parfdr a detailed description of the control data sections
and corresponding variable definitions. Below is an exampé&eaaintrol file used to calibrate a
singlecell SEAM3D model of Pool 2 in Chapter 4. Purple text in parenthesis clarifies key points
and should not be included in the control file. Variables not explained in the parenthesis can be

left to the shown valuehiswn or consult the PEST User Manual Part | for a detailed explanation.

pcf (there is no specific spacing between variable values on each line below)
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* control data

restart estimation

2 151 0 1 (number of parameters, observations, paranggtaips, prior information equations,

and observation groups)

1 1single point 1 0 Onumber of template and instruction files)

20.0-3.00.30.01 10

10.0 10.01.0e3 (maximum relative [untransformed parameters] and factor-ftagsformed
parameters] chage that a parameter is allowed to undergo between optimization iterations)

011

5 0.005 3 3 0.005 8naximum number of iterations consult manual for special functionality

such as running the model once or calculating a Jacobian matrix)

1 1 1parsaveitnsaves optimal parameter values after each iteration in a separate file)

* singular value decomposition

1

15.0e7 (set to number of adjustable parameters or consult manual)

1

* parameter groups

knapl relative 0.01 0.001 switch 2.0 parabolic

* parameter dita (unless parameters can go to 0 or negative valuestrdngformation is
recommended)

kn log factor 0.096 0.002 20 knapl 1 0 1

be fixed factor 0.5 0.40.7 knapl101

* observation group® h 0 a SNl G A2y 3INRdzLJa | FEHS UseBMadAuélPat RS T A
Il for special utilities PWTADJ1 and PWTADJZ2 to automatically modify the observation weights
RSLISYRAY3I 2y GKS 323X APSdE G2 SAGKSNIolflyoO
linear uncertainty analysis)

pool

* observdion data(each monitoring observation must have a unique name, followed by it value,

weight, and group)
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