Quantifying high-resolution hydrologic parameters at the basin scale
using INSAR and inverse modeling, Las Vegas Valley, NV

Meijing Zhang

Dissertation submitted to the faculty of ¥Miginia Polytechnic Institute
and State University in partial fulfilment of the requirements for the degree
of

Doctor of Philosophy
In
Geosciences

Thomas J. BurbeyCommittee Chair
JeffreyT. Borggaard
John A. Hole
Madeline E. Schreiber
Mark A. Widdowson

September 26, 2014
Blacksburg, VA

Keywords:Inverse parameterization, transmissivities, elastic and inelastic
skeletal storage coefficients, the adaptive radéle method, DREAM
MCMC, subsidence



Quantifying high-resolution hydrologic parameters at the basin scale
using INSAR and inverse modeling, Las Vegas Valley, NV

Meijing Zhang

ABSTRACT
The overall goal of this dissertafioon is to
inversely calibrmati@elgastriansamdsiwveltasetsi ¢ ske

(5@ans) of t hezoreev ed owiefder G do fc otAldel dib & secud t (s
for the entir e tolineestigateduguee srenttsdamsdisubsiderzcaina Las

Vegas Valley.

This dissertation consists of three separate st#tk chapters. Chapter 2 presents a

discrete adjoint parameter estimation (APE) algorithm for automatically identifying

suitable hydraulic parameter zonations frioydraulic head and subsidence

measurements. Chaptec mpar es t hree different inversio
most accurate and comput ati Dare®ld nSl &etf ftilte ent

basin scale: the zornmadtvieesnoatdeti hnoedt h(oZdM)a, n dt hteh ea

Di fferenti al Evolution Adaptive Metropolis M
MCMC) . Chapter-s4adbet humesi aali medel capabl e
hydrol ogic detail t han amys pPregwiso wal y egdgev d@hae
mo d e | i s cal trbersaotleud iwsni ngn SPAIRghdat a and hydr al

to 2010. The cal iinvestgateahs infloendeeof faulisandthesire d t o



potential role on influencing clay thicknesses and kutasidence distributions, and to

investigate future trends of land subsidence in Las Vegas Valley.
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1. Introduction
Las Wadds®y encompasses an area of about 4, 1°
N e v aTa meet the growing domestic, irrigation and commercial water demand,
groundwater has been intensively pumped since 1905, with the largest volumes of
pumping commencing in tHE950s. Until 1990 water levels declined continuously
throughout the valley, with a 98 maximum decline occurring in the wasirthwest
part of the valley(Burbey 1995)Due to declining water levels, decreasing poeger
pressures within the aquifer system have led to significant increases in effective stress,
which accounted for largascale compaction of mostly firgrained sedimeni@erzaghi
1925, Poland and Davis 1969, Poland, Lofgren et al. 1972, Helm.1%#%) subsidence
has been geodetically monitored since 1935, and is a cdahgyroblem for this area.
More than 1.70 m of total subsidence has been observed unti(ReI00AmMelung et al.
2002)
The compaction of the aquifer system haktteseveral large subsidence bowls and
destructive earth fissures that have compromised many homes, roads and pipelines. What
makes the problemmorecomplex is that the major developed zones of subsidence do not
coincide with the center of the greatesiugrdwater withdrawal. Seasonal pumping and
recharging of the groundwater system has led to seasonal patterns of land subsidence and

uplift that are superimposed on leteym compaction of fingrained interbed8 e f or e

the 19706s, gr oumdawa tweart ewa g etslhbaurcrei for t he
dependence on groundwater resources, surface
commenced in 1971 and now represents over 75

The quantity of secondary recharge is clpselated to land use and is influenced by



urban growth and importation of surface water from Lake Mead since 3952 ond ar y

recharge in Las Vegas Valley is primarily as
as wel | as di schatrrgiealanwla dti swatsearl arfd i ma si n
growing popul at i o Mhesdcondaty eechhrgegate\hasgnarsased r e a .

considerably since 191®1organ and Dettinger 1994y o hel p mi ti gate t he
occurrence of |l and subsidence, an artificial
Vegas Vall ey Wawéi chi sthvio¢tveisni bpeeting Col o
the principle aquifer during the winter mont
resulted in a maximum of approximately 30 m

1990 arfBe2005 Ame |l uQugr reetntally., 200a08)r ¢$ hat r ech

by natur al and artificial processes, includi
greater than the total water withdrawals, th
l evel s in most areas of the tbacseians;e dn o me tnhaenlye

parts of the valley because Hydremdyemami ¢ | ag

drainage of clay interbeds continues even as

Taditional bench mark surveys did not encompass the entire spatial extent of the basin

and the transects missed major subsidence areas and the complex interaction of many of

the faults in the region. 't wasm@t until th
complex pattern of subsidence across the basin was discovered that were not evident on

earlier conventional subsidence mé&amelung, Galloway et al. 1999, Hoffmann,

Zebker et al. 2001, Bell, Amelung et al. 200BSAR techniques allow for the

measurement of surface displacements at spatial resolutions on the order of meters or tens

of meters, and can cover very large areas of up to thousands of square kilometers



(Hoffmann 2003) The subsidence investgatimtorporating INSAR across Las Vegas
Valley reveals that the spatial extent of subsidence is controlled by faults and clay
thickness(Amelung, Galloway et al. 1999, Bell, Amelung et al. 20@&8asonally
fluctuating water levels along with detailed monthly INSAR data can be used to
investigate how seasonariations in water levels are reflected in subsidence and
rebound patterns. These streimin signals are found to be highly diagnostic and can be
used to more accurately estimate the elastic skeletal storage coefficients of the aquifer

system(Hoffmann, Zebker et al. 2001, Yan 2007, Bell, Amelung et al. 2008, Yan and

Burbey 2008)

Subsi dence dactoan,j uwnhcetni ouns endi tihn spar se and irr
drawdown data, can be used to Iimprove ground
parameters such as elastic and inelastic ske

constant, hydr awmldi ¢ hei ftthuscikwniecCdepyWwoddh el @9Ddp ¢
Burbey 2001, Hof fmann, Zebker et al. 2001, F
Pope and BWYanhne Burby 2@8) found that high spatial and temporal

resolution subsidence observations from INSAR are extremely beneficial for accurately

guantifying both elastic and inelastic skeletal specific storage values as well as hydraulic
conductivity values, and thesulting model calibration results are far more accurate than

using only watetevels as observations, or using just a few random subsidence

observations (such as from GPS benchmarks).

Harrill (1976) was the f-iwrdesmipasiywsitteimag i fcrad
aquifer test dat a. Mor gan and -wdedtet innugreerr i (cla9 9

groundwater model, whicHl98dvarsedhgt hidhepdriecac



and Larson gr@ODmasvadtetr, mPidrddne rt heeti ralmo dledl 7,6 )t |
transmissivities were @aaeuadbt ymeahotdsaaed ah
mi ni mum grid spacing of 2.5 km was i mpl ement
values were calcul ated based on groundwater
subsidanmeasated at four benchmarks. The mod
compl ex patterns of subsidence that exist to
was devel(olpeend |1a999%8n)gconverted the Morgan and
MODFLOW mdMe®lonal d and wHarhbbauuwghc hlan&4)ng any f
simul ated parameters f(¥amnMR®&EmM wawpdatDedtJ eamg
model by exnudnmdiimg tpleag inid t o 2005 wusing mosH
esti mates of Morgan and Dettinger as well as
(Pavel kdev2d®4p)ed a one di mensi onal groundwat
conjunction( RvodtheruCaODd& HKiall li bT 292 &) hydraulic p
Lorenzi site wheedr eant heex t lBSGS mensetraliln 1993. U
has been done on calibration of the transmis
storage coefficients of Las Vergeasso|Matliloeny at

|l NSAR datd eard wat ar

Groundwater modeling s200War MOBPBERBBWas MODFLC
(Harbaubphsathmeshn effective taelrmforspiomslea toif
groundwater pumping and subsequent | and subs
i mportant management tool for wat-200Hurveyor
with paramet er cehs taismaitCigd e2ledebsamd dHi | | 1998

PET Dohertyi2a0Wd)del ydbedoimnwegr saest aol in gro



calibration and evaluation to simfmuiHlidaneously

1998, Potetalr, HO@H) with current advances 1in
software for simulation, drawbacks exist 1in
techniques for model cal i bration. Determini s
par ametevaiulsalmlge observed data. One widely wu

approach is the zonati on (nCeatrhroedr a( Zam)d, N enuintaina
which involves dividing the entire study are
parameters are treated as uniform over each
the shape and the nunebferneaf btyh e hzeo nuesse rh a weh i t
subjectivecalTdemenulhaoad i s an approach that pr
zones. -slcral mu lptair ameteri zation, the parameter
t hrough successivegapmhmreoxiomat domai my rdefrii mign
procddchraeent and Liu 1989, Liu 1993, Ameur,
Ackerer 2007, Haye.k,Hdvwerwvarn nd werti md .t i2edD 0r8ef i n
number of degrees of freedom is increased, W
they exceed the numbéAmetirav&@hbhabh®o ebsalvar
overcome this dr(aAwrbeaucrk , Chnaevudra veetk dapla.l. a@00 2)
algorithm that wuses both refinement and coar
or removing some degrees of freedom is advan

approddmkedapm gwdehdwati ebration is (be pil ot

Marsily, Lavedan et al. 1984, ,Lahéechei anodl Ma
t he pertudrbauliiom prfopmegrti es at a small numbe
| ocations in an effort (tAd clodtetagr Cmaatrcelr ao keser



The Pi PM isegessgnédthe hydrogeol ogic heterc

deterministic or stochastic conditions, whi l
spatial distribution of hydraulic properties
i nherens wepakhes method is that the number a

somewhat TBhdjeetewvmi.ni stic estimation may be
minima if the initial guess is far from the
techniogw efsoraltlhe esti mation to jump out of t
estimation techniques( Raec h2 @GG3nkitmwl atl gd rAn e
(Prasaan@0®0Oiéeé Mar kov chai n oMomu eanCharJd ai npeMCMC

G- méHHar n8ndez 2009, Vrugel i @sr oBr nathrdieabinsa b s 2

to estimate the probability distributions of
parameter space in searching for an opti mal
sampling approaches, the Differential Evol ut
skeme significantly i mproves(\Mrhuegte,f fTiecri eBircaya |
al . ,2000wWt) compared with the deterministic me
computationally time consuming.

Knowl edge about optimal zonal distributions
hydrogeol ogical description of the study are

parameter zonati on defaidjiotiindn g,arvaanefdrea s erstt ia

algorithm in Chapter 2 for automatically i de
zonations from hydraulic heads and subsidenc
mo d e | containing seven ttamamies zioniet wnzdonhé&rs ¢
zones for elastic and inelastic storage coef



effectiveness of the APE algorithm.
I n order to find the best strategy for calib

framewdekefoping an accurate hydrwegeol ogi c n

invoke three different inversion strategies
and computationally efficienTamdtkbdstor ast
i nel aeslteitcalskst orGgellpoeftfibeebaasi { scale: th
(ZM), the ascdaptei metmwldtiand the Differential
Metropolis Markov chain Monte Carl o scheme (

i s develaoppteedr i3n tthhat t hafl98dveilTbhi sheepearoh
the first effort to use parameter estimati on

aquifer parameters for the principle aquifer

Il n Chawet diracveee suf ully extended Las Vegas Val l
MODFL@VW Harbaugmhc20@b)y ati ng t(hHo fsfunbasnnd,e nc e

Leake etamd .h@2r0i0Bgnt al (Hsioewvh bamndi Eredc¢KHIF&89) on

packages while implementing a 600m I 600m gr
devel opedey otro tdhat e«.al We i nsvcoaklee tshter aatdeagpyt,i vweh i
devel oped in Chapter 3 to be an efficient an

transmiBsi wiltaisdas c( and i nel asSdaoS) kefl ett méd st
develzoopaegdui f er an d Bc onfd utdhied nicadsaunl t s f or t he
Vegas basinresiohgttiloa hin@kR edatdaataan d rwant elr9 1
2010. | n iavdstigate theoinflyenceva@ the faults and their potential role on

influencing clay thicknesses and land subsidence. Then we use the calibrated parameters

to investigate future trends of land subsidence in Las Vegas Valley by extending the



simulation period of the developed calibration model to year Zl03€se results indicate
that the rate of subsidence in the Northwest subsidence bowl will slow, but will continue
even with measures implemented to increase water levels in this region. The reason for
this continued subsidence is attributed to the slow draining of the thick talyeds in

this region



2. A New Zonation Algorithm with Parameter Estimation Using
Hydraulic Head and Subsidence Observations

Mei jing Zhang, Thomas J. Buramay ,J eVift dBro rosa aS

A version of this thepiji&uowaswptueki24@éd)i B 14

Abstract

Parameter estimation codes stonhbwans tWOOBE i 2h0 0
groundwater modeling investigations. These p
values such as amdasesaquiafgeadSa vaffuem Known

observations of hydraulic head, flow or othe
in these codes is that the parameter zones n
knowl edge is often udkaoaogwaol egeoal fdasdet pii e
To overcome this deficiency, we present a di
suitable zonations from hydraulic head and s
sensitive &@. montdh (Seyed sakseebec{ al speci fic stor a
With the advent of I nSAR (I nterferometric sy
and temporal subsidence measurements can be

containing seves, tome sand sisfi e tyt aroamge zone a

for elastic and inelastic storage coefficien
subsidence in an aquifer iIinterbedded with cl
del ayed | andgrsaubrsd waetnere laenadd dat a ar e assume
measurements, to which the discrete adjoint



spati al I, Gnandqqnyc@mbB5 i s then used to obtai
parameter valowme g.es@a lthedstimatel zonaidng caltutatad from

the discrete adjoint algorithm closely approximate the true parameter zonations. This

automation algorithm reduces the bias established by the initial distribution of zones and

provides a@bust parameter zonation distribution.
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2.1. Introduction

Groundwater modeling s00ar MOBPBRBBWas MODFLC
(Harbauphs20@5pme an effectidvermoolesfpomsei md
groundwater pumping and subsequent | and subs
i mportant management tool for wat-200%purveyor
with paramewberesestsiumat iagn UCODE_ 2005, is wi de
inverse tool in groundwater model calibratio
mul tiple parHamdt elr9 9v8al| UPeoset BCODHI PDOBt campackt
observations with simulated equivalents to o
function; then a nonlinear regresscéwoinoml gor i
with respect to the parameter values.

Al t hough water | evels are the most popul ar t
they alone are wusually incHIffli cl@nd&, tidi lolbbtanm
Tiedeman 2006, Yamnan d uBuribdeeyn c220 c&)used by tt
sedi megtaebals @c(aloeh mpsroorb | 1e9m 1, Barends 1995,

199PBye to declining wawaetrelt eperéssdties agiatsli eg
system have |l ed to significant incfeases in
scale compactigomi ot dmeTeetrizypaeghhtisel 925, Pol and

1969, Pol and, Lof gr.eSnbeti delncel @a2 ,a,Haevlhranl U5BH5
conjunctiresre waintdh igpegul arly distributed dr a\
i mprove groundwater model calibration of the
inel astic skeletal specific storage, the con

t he t hoifc kinhees sc o mpthieytwaoagd ulnd 9 5, Burbey 2001, F
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et al. 2001, Hof f mann, Leake et aYanan@2 00 3, P a
Burbey (2008) found that high spatial and temporal resolution subsidence observations

from INSAR are extremely beneficial for accurately quantifying both elastic and inelastic

skeletal specific storage values as well as hydraulic conductivity values, aedulimg

model calibration results are far more accurate than using only-lsaéts as

observations, or using just a few random subsidence observations (such as from GPS
benchmarks). Also, they found that storage estimates are far more sensitive to the

deformation of the aquifer system than to changes in hydraulic head measurements.

Even with current advances in monitoring tec
subsidence, drawbacks exist in using inverse
caltiibom. Stochastic algorithms such as Si mul
Carl o methods are computationally time consu
used 1 n gmooduenld waétDeerb Mat s 0 hy, Lavedan et al
Marsily 1991, Lavenue and Marsily 2001, Dohe

et alan®O0i0Obyol ves the perturbation of hydrau

selected fApilot pointo |lowmati dmas ainTaeref faok
gui delines to estimate the number of points
bet ween them and the model grid size. Variog

di stribution of hydraulic Ipotoppoitntes. t hhe® ulgnh

properties are calculated with Kriging inter
met hod is that the number and | ocation of pi
commonly used method is zoonasedonpvehsehmobdel

such as UCEGDEI1 200938, Poet @€hi sHmket hetd ahvoPROE

12



the entire st urdyofarzeoan esntaon da unnukmboewn par amet
uni form. However the parameter zones must be
|l ead to a good cali br addfoinned pmparrametterr sz ovm &
such knowledgeabhbdustopbumabnzbs often unkno
hydrogeol ogical description of the study are
parameter zonation definitions, we present a
algorithm flyr i @detna mdtyii gl suitable parameter
and subsidence measurements, whjyecanédre highl
i nel ot iske(l etal specific stormaygpetdhnedfifciadi en
model usi ng20MBGDFIWLOOWhi ch observed measur ement
(including hydrodynamic | ag) and hydraulic h
times. Using only these observations, the di
call ed t oxicmeaetaet es pagptpil, &lka Ry aTh em st mé appr oxi |
of parameter zonations is compared with the
MODFL@WORKNi.nal | vy, UCODE_ 2005 is used to obtai
values. Talkgoewt ARE when combined with UCODE

power ful tool for obtaining opti mal zonati on

2.2. Formulation of the Adjoint Parameter Estimation Algorithm

The spatial variability of the storage and conductivity properties for aquifer systems are
generally so complex that the investigator could not possibly identify the parameter zones
in an adequate or realistic way to describe the optimal distribution of hydraulic

parameters. Therefore, an algorithm which can automatically determine the parameter

13



zonations is necessary to produce an accurate and optimal model conceptuaheation.

we present a discrete adjoint algorithm for identifying a suitable zonation scheme from
hydraulic head and subsidence measurements, which are highly sensitive ladimth e

and inelastic skeletal specific storage coefficients as well as transmissivity. The
automatically identified parameter zonations will then be implemented into the synthetic
model using MODFLOW2005 and UCODE_2005.

Adjoint methods are widely used @ameas such as optimal control theory, design

optimization and sensitivity analygiduffy 2009) In our study, we minimize the

difference between observed and simulated groundwater levels and land subsidence. The

objective function can be written as:

1, M , N ) )
J(h,q) = f(h,q) zi(a 1h(Q) - Nypgy |l +a || Suk{a) - Subyq;, IIF+alla- g If)
=

i=1
Equation 1

where,

q = (Sske’ Sskv’T)

Equation 2

and represents the parametectorto be optimized$; kis the elastic skeletal specific
storage of the interbe&, is the inelastic skeletal specific storage of the interibesl,
the transmissivity of the aquifen(q) represents the calculated water level, which is a
functionof g, hopsrepresents the observed water le@eibrepresents the calculated
subsidence, which is a functiongqfandSulypsrepresents the observed subsidehges
the number of observed water level, &ds the number of observed subsidence. The

last term ofEquationl represents a penalty term, whétis penalty parameteq is the

14



initial guess or mean value qQf Equationl is subject to the groundwater flow equations

bt .. dh
Sb =bJgmh*)+g K, —-W
S |Jt QT ) a]. Vj dZ
Equation 3
h =
P =Bk, En)
oz iz
Equation 4

whehies si mul at ed thyed raaplilisif ahryhderaadu loifc head i n t
bi s thickness oTi st hter aamgSymsf sesrp escyisftjecm,st or age
aquiKfiesr ,verti caSi < omntdaurcagevidoe f,ndWisaent of t he
source term

After discretization oEquation3 andEquation4 we obtain:

G(a) = A@)h™(g)- h™*(q)-W =0

Equation 5

whereG(q) is the governing equatioA(q) is the matrix of parameter values, time step
length and grid cell lengtim represents the time step.

The adjoint method solves the following equation/for

£+/&:O
vh  ph

Equation 6

Then Ji(q) is computed

Jiqy =+
0] Kq

15



Equation 7

According to Tayl ords expansi on,

BI(q) = Ji(0) + Ji(0)(c - )

Equation 8
When the cost function (1) reaches a minimum,
PJ(q) =0
Equation 9
Then (9) is substituted into (8) to yield:
G = G - Jii(G) " Ji(%)
Equation 10

WhereJ @an be estimated with the BFGS method (hamed after Broyden, Fletcher,
Goldfarb, and Shanno)he BFGS method is wlen ¢ @uasiNewton algorithm
which is used for solving unconstrained nonlinear optimization problems. Egoation
10, we can calculate the parameter vegidrom the initial parameter guegg Then,
parameter vectay can be updated with the Newton method describeiduation

11until the maximum fractional change @e&valuated after three iterations is less than

0.01(Step 4 oFigurel).

Ok = G.1 - Jii(Q,. 1)_1\] i(Q.1) _

Equation 11

A procedural outline of the APE algorithm for calculating the parameter zonations is
shown inFigurel. I n step 6, a fAsufficient resultodo me

simulated and observed water levels and subsidence is small (a value set by the user).

16



Step 1. Develop initial guess for the parameter P

v

Step 2. Use contouring of P(@ to generate initial
zonation Z(%

Y

Step 3. Divide zonation boundaries into new zones,
which combined with old zonation forming Zcombine

v

Step 4. Estimate P using zonation Zcombine yjith
adjoint method

v

Step 5. Use clustering to combine similar zones, and
set Z(W

v

Step 6.Achieve sufficientresult?

v v

Yes, stop No, use final zonation estimation as
initial zonations

Figure 1. APE Algorithm to calculate parameter zonations

2.3. Evaluation of the APE Algorithm with MODFLOW -2005

The APE algorithm is designed to automatical
from hydraulic head and subsfifdemntciev ameeasa refme
automated parameter zonation using the adjoi
area-di measi onal hypot heti cal model modi fi ed
devel oped usi2iOd 5MODbDFEL 0w del i's repltaeagented as
confined aquifer, wiFigme2eadhisells @i teaonbieht
which simul ates groundwater flow and | and su

into -moat bi stress periods. ThCeO0ms.i mulpaotoerd ya q u

17



per meabl e but highly
i's distributed

as -fnnoow conditions.
preconsolidation (

are pumped

mo . of f

d urFfigorg2) t he

at

compressible cl

ay

nt er

wi tHgureld) t hEhpreemelabbeumdanifes

For the

previous

ent

mi

ni

re region t hi

mum head

-@o wtom sit @nnod.r voant ®d ujréi n6y t

winter)

Well 1

(-3000m*/day)

Well 2

(-5000m*/day)

Well 3

(-5000m*/day)

Well 4

(-6000m?/day)

Well 5

(-1000m*/day)

19km

wyez

he

Figure 2 Areal view of the conceptual model showing the 19x29 kmodel grid (1x1 km cells) and well locations

and pumping rate.
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Figure 3. Conceptual model of the aquifer system containing a variably thick contiguous clay interbed with
delayed drainage

The SUB (pHhocftkfangaen n, L @ ask eu sdetd udla.t e2a6Qud)si denc e
model cell . For the aquifegrahaedi sacdmplosed
subsidence is simulated to occur iThest antaneo
interbed is assumed to be areally far more extensivdtthtnckness, and theydraulic

conductivity of the interbed is considerably lower than the aquifer, so the direction of

groundwater flow within the interbed can be treated as vertical. Groundwater flow from

the interbed to the aquifer occurs when the head in the aquiferedgaeiiith the head

change in the lens lagging that of the aquifer .

In the context of interbed compaction and land subsidence, the time delay caused by slow

19



dissipation of transient overpressures is often given in terms of the time constant, which
is the tme during which about 93 percent of the ultimate compaction for a given decrease
in head occurgRiley 1969) The time constant can be expressed as

b, .
Qs
Ky

ly

Equation 12

whereby/2 is onehalf the thickness of the interbesly is the skeletal specific storage of

the interbedKgq, is the vertical hydraulic conductivity of the interbed. Laboratory

consolidation tests indicate that the compressibility, and thus the skeletal specific storage,

can vary greatly depending on whethes effective stress exceeds the previous

maximum effective stress, which is termed as the preconsolidation(Stvesson,

Moston et al. 1968, Jorgensen 1980n el asti ¢ s kelSext,al uspdcwheao s
the watee I Bpvetbed t& | ess than its previous
skel etal s®@eecsi fiincv oskteodr angheen t he dr awdown i n
the previous minimum val ues.

The study area i s di viTH eToFiguned)oB o7t ht rtahnes naiqsusi ifv
and interbed ar e Tthree astteodr aagse ccoonepirfei sesisi sbnl nee a f
to be 0.002 for Theeensteper ambdetr®ntelye ane use
el asStkkiSckadnR ks and iSned waasnt@icks ¢ kel et al speci fic
the interbed. These values aFglhrex hdhzonati on
vertical hydraulic conductivity for the inte
An initial forward s20mabawva®sncoasdumngt MODWILONW
pumping rates and all true hydraulic propert

and subsidence values obtained from this sin
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val Wesassume that high tempor al and spati al
avail able at each grid cell and treat them a
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Figure 4 Transmissivity zonations andvalues for the synthetic model
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Figure 5 Zonations and values for the elastic and ineldis specific storage parameters
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Figure 6 Cyclical pumping and resulting simulated land subsidence pattern

The APE algorithm can now be applied
el asti c skeletal specific sarage of the interbed. Farvery first call of the
APE algorithm, the initial guess for the param&8k(Step 1 ofFigurel is estimated as

follows:
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(1) Incorporate the observed subsidence data to estimate an initial elastic and
inelastic skeletal specific storage and set the®d® andS,;
(2) Develop initial guesses for the transmissiviity usingEquation13,

s M t,%)

©) [y —
T = S ntx

Equation 13

In Equationl3, we use the observed hydraulic heladynly when the pumping rate is

zero. The Newton methambnvergedocally andinheritablyso does the Quaslewton
method, which is discussed thoroughiyK. Ito and K. Kunisch (2008). Thus, an initial
parameter guess that is close to the local minimum will almost always guarantee
convergence. In this perspective the choice of the initial guessHomation13is made,
since it takes advantage of the information givefcyation13 when there is no

pumping. Although this generally provides a good estimate, it is sensitive to the
complexity of the problem at hand so if the zonation is highly complex, the likelihood of

convergence might be lower.

2.3.1. Implementing UCODE_2005 with the APE algorithm

Once the automatically identified parameter zonations have been estimated using the
APE algorithm, we implement these zones with the initial parameter values into the
synthetic modeusing MODFLOW?2005 and UCODE_2005. UCODE_2005 is a
nonlinear parameter estimation program, which compares observations with simulated

equivalents to obtain a weighted least squares objective function. Then it employs a

23



modified Gaus$Newton method to it@atively solve a general nonlinear regression
problem(Hill 1998, Poeter, Hill et al. 2005 CODE_2005 can be used to analyze
sensitivity, anl calculate confidence and prediction intervals. The weighteddgastes

objective functiorM(q) is defined as follows (frorgHill 1998)):

ND ’
M(@) =& wly. - vi()]
Equation 14

whereq is a vector containing values of each of the parameters being estimated, and in

this case

9 = (Sske’ Sskv’T)

Equation 15

whereND is the number of observations; is the weight for thé" observationy; is the

i"" observation being matched by the regressionydry is the simulated value which

corresponds to theh observation.

UCODE_ 2005 yields a new set of estimated par
from the APE algorithm. The esti mated par ame

are then returned to the oAPBE heel RYfgasitanien ars t h

oFigurel). Thi s iterative procedure between the AF
until the simulated heads and subsidence val
subsidence values. Generally, | ess than 10 i

2.4. Results and Discussion

The APE algorithmKigurel) was applied using a portion of the walerel observations
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and subsidence data produced by the synthetic model. No known information about the
distribution of known parameter values (divddato specific zones where each zone

represents a constant parameter value) was provided to the APE algorithm.

Initial estimates of interbed elastic and inelastic skeletal specific storage zones obtained

from the APE algorithm are provided as a startiompin the iteration sequence. After

estimating the distribution &y andSyy, aquifer hydraulic r a n s m{T)szeneswaiet y
estimated. Theb CODE_ 2005 is used to obtain a new se
based on the zonatrioomst haen dAPiEn iatl igeolr i M almu e sT h e |
estimated parameter values calculated from L
al gotiot hmcdamnBlkgatde t hen to obtBwi Mhreew esti ma
parameteestimation iterations stop if the maximum fractional change in theafum

squared weighted residuals over three pararestamation iterations is less th@ro1.

Generally conversion will occur after about 6 iterations between the APE algariithm

UCODE_2005. The estimat&}.andS;, zonations using the APE algorithm along with

the true zonations that were developed from the synthetic model using MODR00OSV

are shown irFigure?7. Similarly, the estimated aquifer transmissivity zonations using the

APE algorithm, along with the true zonations that were developed from the synthetic

model using MODFLOW2005, are shown iRigure8.The number of zones after each

iteration is listed infablel1. These results show that after several iterations between the

APE algorithm and UCODE_ 2005 the distributed parameter identification algorithm

appears to accurately match the true spatiaiiligions of the zones.
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Zone Sy 12

Figure 7 Estimated specific storage zonations using the APE algorithm (A) after 1st iteration, (B) after 2nd
iteration, (C) after 3rd iteration compared with the (D) true specific storage zonations calcated by
MODFLOW -2005(the colors in each frame only indicate different zones and the colors (number of zones)
change after each iteratiof

19km

Figure 8 Estimated transmissivity zonations using the APE algorithm (A) after 1st iteration, (B) after 2nd
iteration, (C) after 3rd iteration compared to the (D) true transmissivity zonations calculated by MODFLOW
2005(the colors in each frame only indicate diffeent zones and the colors (number of zones) change after each

iteration)

Table 1 Number of calculated zones after each iteration

Transmissivity

Iteration (M Specific Storage (Ss

1% Iteration 69 27
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2"% |teration 38 19

39 Iteration 31 7

True Zones 7 3
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indicates that high spatial and tempor al res

cali brate parameter values.
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Figure 9 (a) Calibrated transmissivity errors after each iteration, and (b) Calibrated specific storage errors after
each iteration.
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Figure 10 Composite scaled sensitivity of transmissivity and specifi¢cage for the last iteration

The size of the parameter zones alsd influen
iteratihdn coovrees only 1 grid cell and it | eac
error (88%) amongonéhurdhe( @ T)an.s Mhissd afi dnyntzh e
zolkdad 2 covers only 5 grid cells | eading to tt
(106%) among salolr atglfeiguedme(csh f(E )cr equi r ement of

delineating small zones could easily be the
par ameter et bdtmud artreadt wi th a single value, |
finer representation of the spatial variabil
i mportant for the APE algorithm to divide th
each i tterpafFGued)f. ( ®n t he ot her hand the requir
delineating small er zones may also be an i nd

magni tudei tadrteetri ccfgu@lyt e@ hbdb sofimodi fi cati on t o
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algorithm i s stNbheuhdkesspvebei BEi ahgorith
UCODE_200565o0i pralbl de r eas ornfabs cemea npda rsa naebtl eer sr e
CSS that are |l ess than about 0.01 times the
not conver demd(edimaln, ahYPo. ®d;i met &) sphmodGGal al |l t
par ameavwea scomposite scaled sensitivities tha
composite scaFigeeldsensidtiicwittiings t(hayt btehe par ar
accurately estimated. Parameter correlati on
the estimated parameter values are |likely to
correlation coefficients closeudg,0 clhamgliircat e
the parameter values in a |inearly coordinat
objective function. I n this model, most of t
order*ldfand0t he | argest gvatlhuaet iusniOg.u58n, e sssu gngaess
probl em.

The final simulated drawdown and subsidence distributions and the true hydraulic heads

and subsidence distributions are showRigurel1 andFigurel2. NashSutcliffe

efficiency (NSE) is chosen here to measure the overall fit of the ¢nagpbs(Nash and

Sutcliffe 1970) NSE is computed as

ga (Yiobs_ Yisim)z S

NSE=1- & in:1 U Equation 16
ea (Yobs_ Ymear)Z u
y i 2

iz §
whereY;°*is theith observation value;;°®Sis theith simulated valuey™®"is the mean

of observed data, and n is the total number of observations. NSE ranges bBtweam d 1 .
Generally values between 0.0 and 1.0 are acceptable, with NSE=1.0 being the optimal

value. In our case NSE is 0.9997 for drawdown and 0.9813 for subsjdeich
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indicates that the siulated drawdown values more closely reflect the observed values
than does the simulated subsidence distribution. One reason for this is that the elastic
skeletal specific storage values, which control land subsidencesar@&cieurately

estimated than other parameters. Another reason is the delayed land subsidence
mechanism makes computation quite complex, so that a small error in the estimation of

the parameters will lead to large differences in calculated land subsidence.
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Figure 11 (A) Estimated drawdown using the estimated parameter values, (B) the true drawdown developed by
MODFLOW -2005,(C) estimated subsidence using the estimated parameter values, and (D) the true subsidence
developed by MODFLOW-2005
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Figure 12 Observed vs. simulated (A) final drawdown, and (B) final subsidence

2.5. Conclusions
Our goal in this investigation involves applying a fudigtributed parameter

identification algorithrto a hypothetical modéb produce resulthat show that this
automation process can remove user bias and provide a more accurate and robust
parameter zonation distribution. We have outlined an automated parameter estimation
process that can greatly aid the calibration of groundwater flow modéts.ahalyzing
and comparing the results of the newly developed adjoint parameter estimation model,
we make the following important conclusions:
With the adventi doef clorwv®ARy,gebaosfi nspati al and

rebound mewlsiucte m@eaad¢sr, i n response to cyclica

33



obtained where surface deformations can be e

highly sensit&yee and Sne hsaled laett alc {peci fic st

spati al aredotlaamp ornall NnSAR data can help reve:
of the aquifer system in ways that hydraulic
The distributed parameter identification al
effective. | t sctadmahtee ds ezeom etsh aatp ptrlbbreacen t he sp-

true parameter zones tha20@%5e Tlkhivel apedmirioo
process removes user bias and provides an ac
di striThhwet iedrf.ecti vemasisowfi $ hienflimahced by tF
zonati onFiquel) ep @mce@fni ti al estimation of the

UCODE _2t0hOe5 ,spege famd stmamrsmMbhecowme tyi mplhiae¢ i omnc
sol vei fme APE .@ahgerithm algorithm presented

identification of appropriate zones establis
zonation distributipoiabndi hhe hlequatltd3dowher a ewv
represents the | ink between thEgqeat®on The ¢
takes advantage ofEqhai3vbeormhéereni gi menphbimp
Al t hough this generally iIisea goodeegenmati ei &

sensitive to the complexity of the problem a

the |Ii kelihood of convergence might be | ower
The size of the zone also influences the ca
t arlge cali brated parameter errors. 't i s t he
divide these small zones into smaller zones

similar zones Tahfet erre geuaicrhe metnetr aotfi ofnur t her del
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could easily be the result of high spatial v

simulated with a single value but rather
by a particular wvariogram), whoaohmpohods

presented here.

t he

t o

Anal ysis of composite scaled sensitivities

that the APE algorithm combined with UCODE_2

uni que and stable results for the model
The final simulated hydraulic drawdown and subsidence distribution matches the true
observation distributions quite well. The simulated drawdown values more closely reflect
observed values than do the simulated subsidence values. The moresptidyed

elastic skeletal specific storage values coupled with the mechanisms responsible for
complex delayed drainage are the two main factors leading to larger calculated land
subsidence errors.

The distributed parameter identification algorithm depetbherein should be useful for

the calibration of all groundwater models using multiple types of observations. However
there are some limitations that were identified from this study. One limitation is that this
one layer model ovesimplifies the real widd system. More challenges will be
encountered with complex, multilayered systems. Another limitation is that we use the
true land subsidence and hydraulic drawdown data developed from MODF0D%as

the observations with no errors in the observed datagver, errors are impossible to
avoid in real field data collection and processing (particularly with INSAR), which makes
parameter estimation more difficult. Despite these limitations, this study shows that the

algorithm and iterative process develojethis study can be an effective method for
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model calibration.
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3. A comparison of three optimization schemes for estimating
basin wide transmissivities and elastic and inelastic skeletal
storage coefficients for Las Vegas Valley

Abstract

Las VegdasasValaldeya | ong history of groundwater

surface deformati on. Much research has been
Vegas basin, but this research represents th
techni weasetlo icrml i brate hydrogeol ogic aqui f
aquifer of the entire basin. Three different
t he most accurate and computationally effici

(Manal astic and inelasti&%as&pl at at hetbagsaige §c
the zonation met hods dalM) , mdthheo ca daarpd itvhee nuil ft fi
Evolution Adaptive Metropolis Markov chain N
The thséeeni meéehods are compared and contrast
measurements of model fit, computational eff
indicate thdapoveeamel mehbedd,e whi el fiisci ent |
reconsflrsyanss wnrees while providing more fl exi
the other two methods, is the best strategy
providing a framework for developing an accu

Val | ey.
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3.1. Introdu ction

l nverse modeling involving history matching
been widely used in the fi ellHi lolf ahnyd rToigeedoel noag
200a’/nnd has | arge-agarsruprermeetdleadds.ri BHhe object i
model i ngrasetoptiamab model parameters, with
made. Parameters such as transmissivity, hyd
aquitard | eakage and porosity, are often i mp
i nver s imodgerloundwater investigations. Al t h
popul ar type of observational data used to c
usually insufficient to(élbthi 4988e¢eqtateé and

2006, Yan and Bur bey 20.08Qt hZehra nnge a sBwrrebneeyn te td

that are useful for calibrating a medgel may
recharge rates, and | and subsidence.
The inversion approach includes both deter mi

Deterministic estimation aims to find a sing
data. One widely used deterministic estimat.
i bi ally p(rCoaprorseerda bayn d MWéui mdn i h¥®6 )ves dividin
study area intwhal sumbhknowh panemeters are t
each zone. This approach is commonly used in
as UCODEKE PD»®Q=®r ,20HIS)IHewewdr. when using the Z
shape and the number of the zones have to be
subjectivecalT@demenuthad i s an approach that pr

zones. -slcral reu Ipzaartainoent,e rtihe par ameter estimati o
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through successive approximations by refinin
procedure. When the zone refinement i s compl
significant decuerpafEdhmfveinhe aomldj dc¢ tui M& 819 , Lit
Chavent et al. 2002, Hayek and .AcHoeweevrer200 7,
during the refinemergrpeecessfreedemnumbeéenco
|l ead to over parameterization if they exceed
( Ameur , Chav.enfo edav arlc o mied 0t2hi  Adwreaiwh a Clh,a vemd
et aldewvd®lodglegdoraint hm t hat wuses both refinemei

to decide whether adding or removing some de

Anot her i mportant inversiomodappradchrapploine d
pil ot pointg DmetMaodi (R, PMavedan et al. 1984,
Doherty @B®O8Hh involves the perturbation of h
of selected dApilot pointo | ocati @¢mMé$ ciohean ef
Carrteral € Z06@6PIi PM i s used in the parameter
(Doherty Th@O#£) PM i s designed to represent tt
under either deterministic or stochastic con
generate the spatialendtiises iforuad moeas toif mantyeld awa
points. One inherent weakness in this method
points is somewhat subject-umegueaendsa esbnkl de
Stochastic estimatbSiomult @tcddRiahuRdgdESNedi a

al gor(iRrhanssaan @ 0tOiLe Mar kov chain MoFu eanChar !l o |
Jai me -Kbeme&ndez 2009, Vrugeli dsroBrrarnakdemnat

rerials to estimate the probability distribt
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samplpeartahnreet er space i n searching for an opt
estimati on may become Atrappedo in |l ocal min
optimal solution, while the stochastic estin
j ump foutheo |l ocal mini mum. Wi th the devel opmer

and high throughput computing technology, ne
(Foster, Ke s s,e |l nmaakne se tt hael .c o2ndpOult)at i onal |y | on
calcul ati (oResndrmrdcdsidbdll e Ih®MWe)ver di fficulties
as defining how many iterations are required
(Ballio and Guadag.niAmmo n2g0 Ot4h, e Raednaaprtdi v2eO OMQ MC

approaches, tohleutDiofnf eArdeanpttiiavle BEMet r opol i s ( DR

significantly i mproves tH{e&refgfti,ciTencBraf kMELRL
2009)

I n this work, wWheaiaamvtbotiagessthingatde sadvant ac
zonalhagKendver se strategies applied to a groun:t

(1) the zZM, (23cahe metapododvandu(3) DREAM MCN
of these met heo ddsi sttor iebsuttii nodht ecafm dit red massmii scs iamidt
skeletal sto%aogd, Soespeeciienwelsy) from observa
head and | and subsidence measur-2mddt sAfor La
secondary oobfjiencdt itvhee ibsestt strategy for eval u.
making credible predictions, and to provide

hydrogeol ogic model for Las Vegas Vall ey.

Theadjointparameteestimation (APEplgorithm developeth Chapter ds useful for

the calibration of groundwater models using multiple types of observations. However
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there are some limitatiorikatexist in theAPE algorithm For example,dr thevery first

call of the APE algorithm, the initial guess for thenmissivity T usesEquation13,

wherewe use the observed hydraulic heladynly when the pumping rate is zero.

However for the complex Las Vegas Valley model, there is no timali@aimping rate

arezero. Althougltthe APE algorithmgenerally provides a good estimate, it is sensitive

to the complexity of the problem at hand so if the zonation is highly complex, the

likelihood of convergencmaybe lower.Sothe APE algorithm is notonsideredn this

Chapter.

Las Waddsey has had a | ong hi@cHambmgi7éétld gr ound\
subselgaurechts ulbBaldlenlc%e8 1, Bel |I., TArmne lcuomg leetx al
hydrogeol ogical conditions and | arge amount
groundwater hydraulic headtansi haadt seabt98es
Las Vegas Valley area an ideal site to condu
(1976) was the first wodeystraeamamicagli hvytesgsi h
test dat a. Morgan andeDeétt snigden Influtm@ed4)cadevel
groundwater model, whicHl98dvarsedngt hdhepdriecac

and Larson grOODImawadtetr, m®idrddne rt heeti ralmo dledl 7,6 )

precalibration transmissivity was estimated
and | ithologic dgtPd uinret elTI9Bedeft iemdalb yt Pd msnmi s s i
manually calibrated by adjusting transmissiyv

bet ween simul ated heads and observed heads w
tr-aadlrr ordanearhd a mini mum grid spacing of 2.

storage values were calculated based on grou
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subsidence data measured at four benchmarKks.
di stri butuilant eadf do#s awdown and | and subsidence,
complex patterns of subsidence we know exi st
model was ddJelnolda®t®edr) Jeonmgverted the Morgan a
to the MODF(LNMMDaomoaled and wHarhbbauwugh hlanh&4)ng any

simul ated parameters f(¥amnMR®&Em wpdatDedtJ eamg

model by exitmwldatnigorn hpperi od to 2005 wusing mo
esti mates of Morgan and Dettinger as well as
(Pavel kdev2dO®4p)ed a one di mensi onal groundwat

conjunction( RvadtherUCaODax HKiall i b*T @292 &) hydraulic p
Lorenzi site whleed ahee XYSEBs omaet ar in 1994.

(Hof fmann,. Z2zd&ke)y Bé¢é¢BlRIEt AmelBumsgedetl nSIAR 200

and-lRSAR combined with ground water | evel d e
inel astic skeletal storage coefficients in L
Unt i | now no research has beentdese aon edlaish
inelastic skeletal storage coefficients of L

I n order to compensate for the deficiencies
di f fzorealita iendver si on strat eghaed ftor deedleir b antei
transmissivities and elastic and inelastic s
with the aim of achieving both accuracy and
successfully extended Las Ve®d&dd OWODI0OI5ey model
(Harbauwght 2005k subsi dlethocfef nfaSnlhB) Lpeaackkea geet a |

whil e iimpd eane®@@O0m I 600m grid cell si ze. Ob s
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hydraulic head data and | an€20d0Whsi Hoewee eme a s
to the i mmense size of the model and | arge n
par amet er sh efsoer teharcehe osft rtat egi es with the | ar
and space) usedonsumxmngemMmesyeci amlel y with the
MCMC method). In order to find the optimal i
model , a ns hnoordteelr itse used in th1%$83Btwidtyhtthlae

period f1r98m WSl as the calibratdi®®h7 peri od

represents the evaluation period.

The

(7]

horter term model i s u-sleepde ndne nthidse li anweeds
drai nager aoifndd net hpti ptaybadsi mportant rol e
devel opment and distributionTbhé tamd esabst de

which represents the time bpéquisedompact heni

=]

gi ve head change ranges from approxi mately

for Las VeRawelVed TRBB84) any model that is to

(7]
c
(o
(7]

idence and hydraulic heads must coincide
basin. On the other hand, the subsidence rat

del ayed drainagét Mmaki hgvietsdi mbdel i ng techn

(@)
Q
oy

rat e( Yaanr a2nogdoh7e)r e f or e, a shorter simul at.

=}
<
()
7))

tigation that ppwmmemg eisn wtiteh yeraer st Rxlr 2,

o
—
(7]
c

bsidentée is Bheicaplheéegd that this time
investigating the advantages and disadvantag

described as appkied to the basin sc
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3.2. Field Site and Forward Model

3.2.1. Las Vegas Valley Study Area

Las Vegas Valley encompdisse€6l amnk aCeanby, adouw
Nevada. Thter enmoditrhgvewsal | ey i s bounded on all
| ocatedct mr @al syrcontroll ed -alol moit &albaldadhign. A

eaditpping Quaternary (Figaraldt.s Ac uth itchke avcaclulmeuyl aft

interbedded and-aindt-gmdniemge reedicmamtsef i | 1 s th
I n the northern, western, andi stouutdhfermaipmalry s
coagsai ned sand and gravel. Ho wegvreari nseedd i me nt

toward the centr al a Rigurek3p st Ehe pairnsci pfet dgu
composed matgmrlay nefd adewprossegt ai wipegh imeaméeé ef i ne
interbeds, occurs -3@G0 dm pl enlso w( aMread nnab gesrudgr fdadc6eb Q
Harrillrd®&w6andMoDettingéhel9@®4)ical directio
decrease (MaxkRydamtdh Ja@esohyl@a4g8) he principal
m to 90 m thick sequence of c¢lay, sand, and

surface reservoir, whichleswabéerpsmpedenor u
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: (b)
Spring Mts

1000 2 =
800 2
3 A
S » Frenchman Mt
= 6004 8|
S 2| 773 Sand and fine gravel
% & [-"]Sand and gravel, silt, clay
400 4 and caliche \'
« ¢ ] Clay and caliche, much gravel and sand U
.o§ 3 Clay and caliche =] Bedrock
2004 <L B Bive Clay 16 VE YA Fault, U upthrown block
0 5 10 15 20 25 30 35
kilometers
Near-surface Aquifer Layer 1
Layer 2
Developed-zone Aquifer Layer 3
Deep-zone Aquifer - Layer 4

Figure 13 (a) Generalizedsurficial geologic map of Las Vegas Valley showing distribution of coarsand fine-

grained deposits, and principal Quaternary faults and fissures. (b) Geologic crosection (AA9) as modified

from Bell, Amelung et al. (2002) and schematically illustrate the stratigraphic and fault relations interpreted
from well log data (Bell, Amelung et al. 2002)(c) The conceptual model layer.

Groundwater has been pumped since 1905 in La
water | evel eswatlecrpasessgresrwithin the aquif
significant increases in efscealtd veeo mpgacetsisgn w
mostl-gr &i med (sTeedriznaegnhtis 1925, Pol and and Davi
et al . 197.2,Beteal uns el 9p7ubmpniantgu rhaal s reexccheaerdgeed f or
now, intensive groundwater pumping in Las Ve
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|l and subsidence, which has resulte@Behl surf a
1981)According to benchmark surveys; an ear|\
196Ri gupeshows that subsidence occurred as a
downt own Las Vegas (centr al bowl ), with a ma
67cm. For the €emMsBWipndganpeadr isoudb sli9dée3nce map s ho

| ocal i zed s wutbhsei d\eonrcteh wheoswtl,s Cent r al and South

centr al part of the valley. The maxi mum t ot a
bowl, which was megétRBeeBototh@9B8crmbbiel ®63Bec
principal | ocalized subsidence bowls became
subsidence odndnolrael ft hment emmse had occurred in
(Fi gup(eBel Il , Amel ung et al. 2002)

3.2.2. Forward Model

We updated Yandés (2007) model by extending t
MODFL@W g Har baught2005h)e subsi dlethocfef nfashlhB)) pac
Leake et dlhe 2®0i3waruds endo deol si mul ate groundwa
subsidence at the basin scale. The new conc
Layers 1 and 2s urefpace engquitfheer snjealrayemne3 repr
aquifer and Lt agedeeoragpuielsemt sOnne (tchre devel
principal) aquifer i s pumped for groundwater

aqui Fiegis} €

The groundwater flow equation of our model [
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pd ... dh
Sh™—=D@Tbh*)+§ K, —> - W
S m QT ) aJ vj dz

Equation 17

whehties si mul ated hydr anlilsi ch yhderaadu loifc thheea da giuni ft

bi s thickness oTi st hter aamgSumsf sesrp escyisftjecm,st or age

aquikKfiesr ,vertical conduWiasourcetermof t he aqui fer
The interbed is assumed to be areally far mo
hydraul i c conductciowisti ydeo fabtltye |iomteer Henchni & hat

the direction of groundwater flow within the
Groundwater flow from the interbed to the agq
declines, with tther heddl e€emanlgegginng htthatn of

descri bed by the diffusion equation,

Equation 18
wheSies skeletal storage coefficients of the

The SUB (pHaocfkfangaen n L e asksee de tt coalc.alZzd A)t e subsi

model <cell from a single interbed using the
e p:t.o
—ié 8"e)(p(-41‘7)§J
s(t)=S dh €l- — k

P (2Kk+D?

DD D
coo o/

Equation 19
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whellies defined as
s,

[k:—
Kj(2k +1)?

Equation 20

whesies i nterbed compact i obg2igdnenalf the thickdessi dence) ,
of the interbedS is the skeletal specific storage of the interbd&dl,is the vertical

hydraulic conductivity of the interbed The t i bhewlk b mB dguation20)
represents the time required for the interbe
head chhange,

The | and subsidence of the entire system can
Equationl9by t heeqlhiavct or n

1 N

nequiv = 1—Nz Iazi q
ER

Equation 21

Laboratory consolidation tests indicate that the skeletal specific storage, which describes

the compressibility, can vary greatly depending on whether the effective stress exceeds

the previous maximum effective stress, whghermed as the preconsolidation stress

(Johnson, Moston et al. 1968, Jorgensen 198 e | ast i ¢ s kelSext,al speci f
used when the water | evel in the interbed 1is

wher eas dlads tsipce cskfigscei sntvoorkeegde when t he dr awdo

interbed is higher than the previous mini mun
storage coefficient and skeletal specific st
S><:Sskb0'
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Equation 22

The updated model we developed uses all the parameters from Yan (2007). However
simulation result shows that the simulated drawdown and subsidence do not fit well with
the observational data, hence, an inverse model, wha#signed to calibrate the
parameters is required to accurately describe and predict the drawdown and subsidence

patterns in Las Vegas Valley.

3.3. Inversion Model and Method

3.3.1. Inversion Model, Observations, Parameters and Weighting

3.3.1.1. Simulation Period
A shorter model cd4987imng ubBedpemi othi $91hvest
model still covers nearly the entire pumping
cali bration period used-1M8rle ovdh\v dresotnthlee tEerti

period isl9f8rfom 1982

3.3.1.2. Observations

Sel ected measurements (including 357 hydraul
1981and 113 | and subsidence measurements col
cal i bration per iaotdi oanrael tdraetaat eidn atsh eo basnearlvy si s
is freln®817982during which 4000 hydraulic head
measurements (from Tyleerl adl@a8t7i)o ms eo fc otl H ee cd aetda

Figurel4.
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Figure 14 Groundwater and land subsidence monitoring network used as observations in the modall through
h4 represent four observation sitesliscussed in the text

3.3.1.3. Observational Weighting
For the ZM angc aldea pdtirveet emguy,t it he wei ghti ngs
proportional to the inverse of the square of

definition of weights geéenemnal | Rat&®enotitégun
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i mportant that the sensitivity analysis resu
consistent ove(Folhgeéeiplatiditblheatsr dreeen2@0@wn t |
choosing the weight as being proportional to
observational value is a good way to obtain

(Yan 2007) .

For the DREAM met hod, t hxe wietihghtthengwdisg hat dfi ca

observat ildfl evdiitiade tttbpe variance of the associ

3.3.1.4. Parameters

I n this investigation we arelNiandr estasdiicnac
i nel astic skel etSash Byt morfa d ea yeeae f3foifceiheermgtdse V(e t p |
used in Las Vegas Valley. The principal aqui
guantities (OMaxyeyuand whameson 1948, Mal mbergg
Morgan and Deaendiaagretrr il®®tdi)ng to virtually al
Ssubsi deneteno Sle weanmtaynRa rIparamdt er 8 were cons|
Yanbds (nyadveQ 7 )whi ch were treated as initial es
parameters of | ayer 3 in our study. The zone

the same ag$ Ya@d.@s model
3.3.2. Inversion Method

3.3.2.1. Zonation Method (ZM)
The first i nversion strategy appliaendd i n this
elastic and inelasti &ao®¥pl et alageéoragaereoedtf

the basin 20f§BFo0.et®CODHI 5l usedato mDAbBMI ze t |
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l esgguar es objecti ve -fgwmateisomMmidcdfiitndd &sh ea dlae
to the parameter valNeed owns iiregveighteddeast i f i ed Gau

squares objective function can be written as:

NPR

ND
J@=a W Yongiy = Vi @)’ +a Wl Poriorp) - Pp(a)]2
i=1 p=1

Equation 23

where,

a=(T,S.3,)
Equation 24

and represents the parameter vettdye optimized, ND is the number of observations,

NPR is the number of iispheWejghtfo'rtIme“ﬁodnsemmidm'rpo n value
is the weight for the Pprior estimateyons() represents thd'iobservation, y U)

represents the simulated value which corresponds t8' dteservation, R represents

the " prior estimate, f U) r e p r "essnelated salue. h e p

Prior infor maptaroanmenagsa ntsein df b bagsdasdof T an
SSdistribution map provitMedghy Modgbhet andgbe:
The parameters were |l og transformed. We assu
which is used to weight the prior informatio

values fori shbepweamebpre fifth to five ti mes

and Dettinger (1994) with a 95% probability.
whi ch means that the regression converges | f
is |l es8. Obafor three sequenti al iterations o
is |l ess than 0.01 for al/l par ameters.
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| f parameters have composite scaled sensitiywv

times the | argest @SS, oint wisllinlbel yomlvatr gteh ¢
Ander man and others, 1996), so when-minimizi
2005, we choose to omit those parameters tha

nonuni queness can be rdeeltaetcitoend cuosé fimfgio dpiadrmtnse t (e
values of parameter correlation coefficients
correPatameters with PCCo6s | arger than 0.85

nonuni (lRaglsisa, Hi | 1 et al. 2009)

3.3.2.2. Adaptive Multi -scale Strategy
The second inversion strategy-sappkiatdgbnithn
which provides criteria to reconstruct the z

zonBS&ansipof | ayer 3 are calibrated at the bas

I n this strategy we i n\Eqgukten2l héosamenomjeati ¢
UCODEO @3 oeter, Hibslusedato &DObg greartehse wei ¢
objective usi nNevat ano dehdtihead@ SSa uas,sd PP C anal ys
conducted as piTdaei cwonlverdgesicrei wedt eri on i s t

descri bed.

3.3.2.2.1. Refinement Indicators

I n order to obtainsedrenraeatuati bydoogeobagi
the parameter estimation problem is solved t
by refining the zone domains during the inve

considered compl eteswhesighi hochohgdecradse
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func(tGhhmaovent and Liu 1989, Liu 1993, Ameur,

Ackerer 2007, Hay ek, Fdre htntaen ns eekke ad f. <i0M®BI)i ci

only one parameter i s needed to be identifie
additional parameters are uséthaniil!| be discu
represent t hteeropandnadbjpeaataimee function, resp

par amet B FiguredSt)i.oMfter minimization turing the

the gradient of Jtbheec oonbejsecti ve functi on

0= @), ¥ 1(a)
lla i=1 llai

Equation 25

wheNzZzs the number of sub zones.

21 %2

[
1
=

(a) (b)

Figure 15 (a) Zone before refinement; (b) Zone after a cutting refinement

For our exampl e, we tFigyweldag s mltiot tamme Zoinreg!| &
(Figbne A | arge number of tentatCMBdcuts car
Csin Fi gtuor esp3bi)t theTlée ngéfi zemenZ i ndicator

splitting t Rigure5a ngil et @ digwelib2) ¢ n ess d(ef i ned as:
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W) |, W)
pa, Ha,

lo =l

Equation 26

For zones that need to be split, the indicators associated with a large number of tentative
cuts can be calculated. It can be seen fEmuation25 andEquation26 that indicators

provide first order information on the minimization of the optimal objective function, so

it is recommended to select not only the highest indidatQr but also indicators whose
values are greater thdd %, (Hayek and Ackerer 2007, Hayek, Lehmann et al. 2008)

Here, we use U=0.185.

Minimizing the objective function for all selected cuttings (indicators that are more than

U *.4). The partition with the smallest objeve function is the optimal solution.

For the case where more than one parameter |
use the definitiiélaypkovieddabwhdagak he2008)

corresponding refinement indicator is define

Equation 27

wherely;is the indicator corresponding to the parametet splitting partitioni and Np

is the number of parameters needed to be identified for each zone.

3.3.2.2.2. Coarsening Indicators

During the refinement process the number of

can |l ead to overparameterization if the numb
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zones exceeds the numbAmeof, aChalvVabliocebbakryv
overcome such &g Admeauwh a cCkh,aviemewsrenht al an28Dgdr i
that uses both refinement and coarsening 1 nd

removing some degrees of freedom is advantag

Consi der nt lséh oBigotelbmabheoe t here are twe zones,

and an e xz(eigurelba ) .z oAfet er mi Hguaton23wag ii o tulse ng

modi f i eMe witaaurs smet hod, optlyaad,apaer améetéenedal o
the Iint&aandranoexd erfiherm ze@efié ned using the sc
i BecB3od. 2.1. Suppose that refinement corres

s howhiguielta i s sel ected. Before Zhoa#&hingeg t his
and 2Z)o,ne one must fi Zsdr mZkean ubree ctohnabti nzeodn ew
zoZge which will assure that there will not b
freedom Aquatmm2Sitihnigs tloeads t o:

W(a.a) , W@a)
“‘al,l ual,Z

Equation 28

Multiplying Equation28by ( 4 Uy') yields:
I:)J.‘].,l + DJl,Z = O "

Equation 29

It can be seen froquation29 that in theory at least one & jis negative, which
indicates that combining zongsa n4 f; o r 'ah;<k@will lower the objective

function. Hb w e vifrenn Equation25we know thaeel;j only provides a first order
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estimate of the decrease in the optimal objective function. Thus, the decrease of the
objective function can not be guarantead, this provides an alternative where the
degrees of freedom can be unchanged during the zone reconstructing. Tésjiésm

the coarsening indicator.

212 2,874,

Z, 2,87,

(a) (b) (c)

Figure 16 (a) Zone before coarsening; (b),(c) Zone after coarsening.

3.3.2.2.3. The Adaptive Multi -Scale Algorithm

I n this study, we provide an alternative to
indicators. This alternative involves first
anal ysis (such as gemhapgi aald saeadiembed dihs ki
indicate where refinement or coarsening may
t hat are important to fitting (@&Gri mbtse&d,vati o
Mannseth et al. 2003 ,Thkoa@lliga, i Hihlm fetr alh.i s2 QG

desbed in the following steps:

1. Choose an initiddi ptar(@meit el nNzooumbaz di moans ) .
2. For the cuImeni mepeathendbgierctg i WGODHR nartd o

compute the optilnal parameter values
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. At thiZxo;mdMetinszones. However, based on th
sensitivity anal Xsdish atc hnoeoesdes ar ensetw uzcotnuer i
.Choose a set of ZyitCo mphuate saglli tt hteh @ ed a mes |
i ndi ¢d@@yybos -humeémnsiedbnal ment i ndicator) cor
chosen set olfafouiks .t hGormmputgeest value of al
refinement I ndicators. Select all cuts wh
85 %Imaf almak -

.l EhabeSs t Ot alnloyt hiefy s(izdsen & HFiguwerd6) £, h e n

compute the corresponding coarsening indi
coarsening indicators allow it.

Elge directly to step 6.

. Minimize the dJdbgierg We@eODBRIhIctsehected disc
(refinement cuts or coarseninbd,) =wNoOtice t
NA1 for the refiNnegmfnar stiteu adaarns eemidng si
best parathegterireapbods to the smallest ca
funcdkhdwon

.l the updated oadbjysctsiuvéifcueatil gnsmall S ucC
perfect fit of the observed data occurs,
reached, or id ctohaer sreenfiinnge meontl casnger i nduc
decrease of thehehjective function,

Stop iteration.

El d=hewU=UnesN= :Npapnd return to step 3.

End i f
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3.3.2.3. The DREAM MCMC method

The third inversion strategy involves the ap
which is expl a( \Wiredgtb,y ™VerugBr BERE AaMt.i al a @&DA86)
used program for Bayesian uncertainty anal ys
multiple different fAchainso simultaneousl!l vy i
di stributions of the unkGawvers i mpanr edmesdtresi sh.unt Aesds

the observations, the | i kel i h(olowd, fYencetti oanl .f o

20T40a]Yy= (20) N |CYV? expt %(yobii) =Y (a)TC_l(yobs{i) - vi(a@))

Equation 30

Where C iasndé ematorviax iof the measurement erro
taken to be unzW¥X4e) a¥e dedleGD.EwbO1tM), i Rvokes

the DREAM MCMC met hod, i's used for estimatin

Alt hough the DREAM MCMC scheme significantly
MCMC diam@@Mrnugt, Ter PBreakpatedlto20B6)2zZM and
mu lstcial e met hods, it requires significantly
UCODZE014 4.a% ensi nutes of computational ti me t
Performance Computing (HPC) facilities at Vi

takes thousands to hundreds of t housands of

additional iitreerdatiifonmso raer ep arreagmuet er s ar e cal i
However, with the same HPC, it takes seventy
modi f i eMe wtaaurs smet hod, which is not as effici

for our case, thins 5nbe tihtoedr actoinovnesr.g eBsSREMA M hMC MC
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practical mewmrsiingh model s, because it requir
(Keating, Dohefhgrefoak, 61l@w&egre only able t
met hod to estimate postTearti osrelpercotbeadb izlointeys ddius

| arge computational time requirements.

3.3.3. Measures Used for Evaluation of Model Fit

For the ZM and-scthéeadep hDdutec Imibfleft eNaesfthf i ci ency
(N$( Nash and Sutmalsisf fbean)lgnh70d) ee rradi( drcihan z(

Beven etamd .s ulnm 90f) s quaarlesd (We¥SISgRh)t eadr er eussieddu t o
modeINSIDanWSS&Rr e t he commonl|l gvakedt mpgsures

hy dyrlao gi ¢ N se lde.f(iINmesdh and Sutcliffe 1970)

ay,- Yobsi))2
NS=1- — 12

n

M 1.0
a Yoot - =(Q yobz{i))z
n 4

i=1

Equation 31

whereyops) represents thd'iobservation, yrepresents the simulated value.

When the observations are pBHBIANEO] § fitted b
represents OxBEBODlL 8ntrepresengs NWSh.y6 good fitt
represents oNoSoOd. 4f irtetpirnegs;e n0t.s2 N8 Of Rcreptebint

insufficN®nampgstdsei zhegt t o greater observed me

Anot her m,ng i «svdadd ntaot ee whet her the simul ated \

than or greater thas thécobaeredeadsval ues, an
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é. (Yi - yobgi))
m=100"=—

é Yobsi)
i=1

Equation 32

| f the observations are pexbObecWhe@nthised by
indicates that the simulated values are grea
for the maAGsehwhsenmul ated values are | ower th

average.

Anot her fithisgcphd®lwdhtuedz,,aBeven et al. 199¢

a ['Y: = Yobsiy | Yobsi)
D =200=

n(yob:{i),max)z

Equation 33

whereyops()madepresents the maximum of all the observations. Woh&x 3 t he model
fit is consi der edD<100 bteh ev emoyd glo ofdi;t wihse nc I13a<s s
1018 the model fitbh>18 shéfmbdebktcandi weead

insuf Ddoeentemp loavxeira eoghesheer vat i &%l owva&sl ues as

The standafdregyessqgwanti tative measure of o
weighted dqtHsédv dtOi98ns Hi |l andnids Tcaedembhat 28063

WSSR 1,

s=(
ND+ NPR- p

Equation 34
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w h e NI2is the number of observationdPRis the number of prior information values,
p is the number of estimated parameters, W85Rs the sum of squared weighted

residuals calculated fahe diagonal weight matrix and is calculated as:

ND+NPR

WSSR= & W[ Youg) - ¥ (@)]°
i=1

Equation 35

If the model fit is consistent with the data accuracy as reflected in the weighting,ishen

1.0.

For the DREAM MCMC strategy, the predictions
interval uHtsad inlge d hme telgauch | ( Casel |l a and Berger
samples are ordered from the smallegsal to the

is determined at the 2.5% and 97.5% percenti
3.4. Results
3.4.1. Calibrated Transimissivity Zones and Values

3.4.1.1. The ZM Method

Transmi sT3i wiftileyef 3 are calibrated -&wDpgdirearmeatse ms scad @r iwb d (
in Yano(sYamo daefl® 7 3 hkigmrel7a .n Cal Twaladued ntetddom t he ZM are shown i
Figurelm . The results indicaté@vahaesmastthosesf hameYan mi2@&07)
E and S located in the far easteTwalpwmeds arfe tchal duwulsdtne dvhesiel
(
Figure 182 ) . Coamse@ed alluvi al tdee pocsd urs Figarest3bRpnodvwnd A (he sout he
part of FRighrel3b)a,siwhi(ch may expl aTivnaltuhees hfiogrh ezro nseismuH aatnedd S . I
accurately Tdesscdriishter ilbouw ed i n these zones, a much finer ZOor
conditions is required. Sensi i y anal ysi stismhesvst tehat al

t
(
Figurel8a ) , whi ch i ndicates that the model and t

tiv
|l argest CSS

information to estimate the parameters. The
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correlation caoefOf i88Bi,entndilcantgerg ttthat t he est

uni que given the information provided by the

Figurel7(a) Transmi ssivity zones and values from Yan (2007); (
wi ZM; (c) Transmissivity zones and values calibrate
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Figure 18A comp afi somansmissivity values (a) from Yan (2007) ar
(2007) and cali byadlead smirteht dchye. mbdntds C, E and S are shown
composite scaled sensitivities
3412. The Adaptsoval Mafyn a
I n order to obtain more realistic zonations
t he adapstciavlee naullgtoir i t hm i sTzaopnpelsi eodf tloa yreerc o3n sa
basin scale. The parameter esatiinants omf probl e
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successive approximations by refining the zo
the eastern part of the basin) during the 1in
and zone val biguel/lar e NMbootwnzoimeal baseasi mhhar f
Yan (2007), exceéiguwel8) . zdhesseEnantdi i {y analy

parameters have CSS value | BgueBw) t han 0. 03 t

indicating that the model and the observed d
the parameters. A PCC analysis shows that n
| arger than 0.80, whi ch tienrdsi caartee suntihgaute tghiev ee

information provided by the observations

3413. The DREAM MCMC met hod

Due to the significant computational time re
we were only abl e toTats es @lhdcst entk t zhoorde st.o Faarl i
cal i bartatzeones higurel®), . cUmminfdomdm (pifi amgesnffor onmt 1 c
to 157 @00im usedefsr Alltopallame four Markov

generate candidate sampl es.
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Figure19. Transmi ssivity zones calibrated with DREAM MCM

Figure20i | l ustrates the numeffvalaleeval uzomes od, t
d. The four chains converged to a | imiting d
convergenceted Ibyhetmhwebi@e luvaalnues, which are s

continuously | ess than Tiv.ad ueafst €rr 0410 Oraint € R ®1t0i:
ZM and Adaptahe Met hods Figue0f alrs @ osip@awn siom .

values calibrated withst¢hlee ZiMetamaddtoree Adiaphi
of magnitude of the values obtained with DRE
becalvad ues ad eatcadnlby afteeur sel ected zones wi

the entire basin with the other two met hods.
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With the sufficient parameter samples after
samples in the four chains (0.514179,000=18,0
hi stograms for ea€igure2lndiTate waoln eppa raa mentderd (h a
one mode, whi-lcihk earaen dGaeuxshsiibaint negl i gi bl e ske
Tat zone b has one -Imokdee ,wiwhhi cpho siist i Graeu ssskieawnn e ¢
di stri Dhatt i daane®@fc has two modes, which may 1in
Gaussian function assumption may not hold. T
covariance matrix of the Buyeade3dhewewvterernher i
Las Vegas Vall ey model i's extremel ¥ nonlinea
uncertainty including model structural error
par amet er sFigure22. s Ad wn tihre PCC ar e shnaatl Itehre t han
parameters are weakly correlated. This is co

met hod and t hsec aaldea pnteitvheo dmu |l t i
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Figure 21. The simulated marginal posterior distributions of the four transmissivityzones.
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16000 e PCC=-0.706
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Figure 22. The parameter correlation coefficients (pcc) between each of the transmissivity parameters

3.4.2. Calibrated Ske and Skv Zones and Values

The parSareliefr sl ayer 3 are calibrated at the
the soadte strat@guuiplirampaiers dadfescribed i n
(Yan 2106 79 Fogwe23ai. nS el parameters that Yan use
Morgan and Dettinger (1994). The Sahérbed th
Sare inferred for mamy wheaoaet dansa wirtehiln mti h e

the northwest part off arhd2 Jdasoi dng a(nS eaen dF iDgeutrt el
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1994) hence, in order to obtSaan@ zao nbeest taenrd mo d ¢
cali brating parameter values based on actual
Cali ssanswales using t heFigdréd23bar Ehehbpwnesnare t
same as i n Yan &sa nBlovdaellu.e sHoaweev elroower t han t ho:
Yath n orodbetraitno more realistic zonations based
condititdhes ad-aptieeamgbtithm i sSapfilied to re
zones of |l ayer 3. The parameter estimation pr

successiivmataippn® by refining or coarsening t

northwest part of the basin where initial es
inverse procedure. The final <cal i bBigueeted zone
23c . Sensitivity analysis shows that all par

times the | &Greghsthbhi €SB gwitthle | argest CSS, whi c
is highly sensitive to observations and i mpol
shows that no parameter has correlation coef
estimated parameters are uniquen atnhde r el ati ve

information provided by the observations.

Ske  Skv Ske  Skv
1.0E-6 1.1E-4 7.0E-8 6.1E-5 = 4 i
5.3E-5 5.5E-3 3.5E-6 3.0E-3 E: \Il 6.6E-6 g i
BN 1.6E-4 1.65E-2 : “1mm 1.1E-5 9.2E-3 : 0 6 i :
BN 2.7E-4 2.74E-2 BN 1.8E-5 1.5E-2 04
3.7E-4 3.84E-2 2.5E-5 2.1E-2 4.6 4

4.8E-4 4.94E-2 3.2E-5 2.75E-2
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Figure23. El asti c and inelasti zoslksl atnal vatl earesgd agodfrfoimcivant (20
with the ZM; (c) calibsanbte wirhtelgg. adapti ve mu

3.4.3. Evaluation of Model Fit
The T,Emalgw 8l ues from t he ZMcaanlde tshter aatdeagpyt iavr
to calcul ate si mul atwiddé yldarmadi|l g b shiechedrsc ea.n dF @
MCMC strategy, the predictions are evaluated
det er mign e dh etl seigluead( @ed ehlolda anfdoBeeagehm @f00tR2he

18, 000 convergedFigue2llamet er sampl es (

Figure2ds hows pl ots that compare observed versus
cali bration period f rsocnalteh es tZrMa taengdi easd.a pTthiev er
the ZM and -adapeimetmobdsi produce a better mo
guantitative assess melalle2 o fINiEelmh ¢ t mod al | Midti ciag e

t he efxictelilsent with t he-sZMIan dnetinfbae dacka plthaieve m

indicate that on average, the simulated hydr
headsDcrTihteeri a indicates that the fit is ver
mu stail e Il nver sigscm idterrdtaegises.howme t o be decr
t he adapstciavlee mudtthhods, which represents an i

wei ghted observational dat a. Baable2d obhet he qu

adaptig®seamel met hod i s shown to be superior t
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Figure 24.
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74

Si multdteed ahy dmraudliion peadodf aisi ng ( a)

Z N



Table 2. Measur e s?beeft weaedce lo bfsietr ved

and

simulated hydraulic h

Mo d el Hydraul i c Land Subsi
NS m D S NS| m D S
YAN C 0.71.02.(2.(0.¢-16./5. 25. 1}
P 0.¢0.8§2.14%12.40.1-32.(22.|5. 1]
ZM C 0.¢0.891.412.10. %1-22 4 . 73
P 0.9¢0.1212.12.(0.(0-43./26.|4
Adapt i vwe g C 0.¢0.21.11.10. 91-24 4. 63
met hod P 0.¢0.(2.(12.4¢-0.(-48.]27.|4
* NS s t heutNalsihf fe efficiency index; m i s the mass bal
guantitative measure of overall model fit to the weic
represents prediction period.

Figure25s hows pl ot s

h 4Figgreld) , wher e

The resul ts

h dh 4Figgre25) .

mor e
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266 dFmguwe26b t hat the ZM asadatbematdhptsvei mut he

values more closely than Yanb6s model, especi
values are small .t @uarnthiet anoidedabldd ¢« ddt|mmge n s | |
criteria indicates that the fit Iisscalery good

i nver si on meertihtoadrsi.a Tihredi cates that on averag
are smaller thanDthetebsarvedioaés. tihe the
i nversion sdrriattergdecr eddfieng with t-sealk#& and
me tdh,o suggesting that the overall model fit

i mproved. Theacadaptmevxdomulatpipears t o be super

baseMdSDoamgc r i tTableR)a (

14 - . CalibratedYan | (a)
£12  model

Q

2 1. Calibrated, ZM

08 model ¢

206 - . .o
204 N
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£ o T
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Figure26. Observed vs. simulated | and subsidence for the cali
mul-sdal e met hod.
Observed versus simulated hydraulic heads fo

adaptigeamel t str atFigueR7. aMbdeshewnt tishe ndiMcat e
and adapdscdcalee mnmmetthods yield superior results
with Yanbs model. The quant i tTableR.v eNHaes se s s men
criteria indicates that the fi-s$cakeexceélt &no
met hodmcr iTtheeri a i ndicates that on average, t
| ower than the observed heads for the ZM, w
observed heads for ODbeibehea twdi matbotbhat Th
for bBMhanhtdet he -adapei veavemubisoni s8raadegi es.
decreasing with thesZbWMlanctcet hedadBpsikedeomupt

assessmenable2y esuhé sadéaptlievenemihlotdi i s shown to
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the ZM met hod babBigud25e hotvbesbatriboeamabhdapti ve
metdhopr oduces t he behsddFigue2z8d abwki pl atssthas b
the observed versus predi c tigueldhwdirmgiltilhce head
DREAM strategy. The results show that the 95
include in the observed data. The mean predi

to the observation data at ssittee ht84 . but far
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Figure27. Observed vs. simulated hydraulic heads for the eval

mul-stsdal e met hod.
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Figure28. Observed hydr aulhiydrhmaidd cv sh.e adi mul gtagd site h3 and (b
strategy.

Observed and simulated | and subsidence value
and the adam@mtlieve nmelrtsii on RBgure28t eRgeiseusl tasr ei nsdhi oc\

that the greatest fit r el aRigurg2éb )t oa nYda ntolse mo d e
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adapti-eeaHgare20bi) met hods. A guantitative ass:

| idctTable2and i ndicates that none of t he three
accurately predict | and subsidenceubecause a
simul ated subsidence values that are | ower t

Figure30s hows pl ots that compare observed ver sus
results show that the 95% credible intervals
are too nararldw tthe iobcsleud’reed data. The mean pi
intervals) are shown to be far from the obse
prediction is that only 113 | and subsidence
period fr @M 1IN63 hteo chFiguiekda,t i wmi h oewisder(t | vy

insufficient to adequately reflect the compl

scalermbuet héhe observed | and subsidence val
transects through the basin, thus many areas
occurred (based on more recent I nSAR data) i
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3.5. Discussion

The results of this study provide an opportu
were invokedl,andé ®&Fri haat Vegas Vall ey at the

aim of achieving both accuracy and computat:.

3.5.1. Parameter Estimation

The parTaSn@en@éo$ t he devel oped zone aquifer (p
are calibratedyfat the Wagas®s ¥alall e. Many inv
anal yses have bde&Snanugywedl iuaos diey evanf Heusi F Esea
1976, Plume 1984, Morgan and Dettinger 1994,

2004, Bell, Amellungretralto 2008 rain the rar
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ZM and adaspctailvee mmeutlhtoid, pri or information ob
i nvestigations ar €& Suasngid fPar atmed ep asr almetcari D e (
modeYan 20®7H)reated as initial guesses of ©bo
(Figurel3a d&muel8a) . CaTviablruaetsedt hat we obtained hayv
that from Yan, e X¥igueh8, ab) zowbher E andr Se(gr ai
occur in the eastern palfigureld drhce ibrastime (sd wts
part of t heelrasoinn Biguweaddn) HenCak abSiwbeédes are
generally | ower Figueg3ac )t holset famonngyanhé reason
the clay interbed. Because the interbed thic
basin, especially in thegumroedt3awd24BofBadt of t
(Morgan and D&R&h%wgeheasdl %94 )be reconstructed
adaptigseamel met hddSSaCHt obesatand values refl e
realistically the hydr oAfe®3 D garcally sciosn dii ndiomas
i nformation provi dedt by mdkelobasree vad fi foinsi eamt
SanSiparameters i &exn bsttuwady, tvmiet H argest CSS
that this parameter is highly sensitive to o
process. P av el kheindlagtid skelefal speoific starage Hasatrelatively

large CSS compared to other aaeters The PCC analysis suggest s

prevented from be(Foglunigtely estamat ad09)

For the DREAM MCMC met hod, we only simulate
the four parameters i nFigure2li maddelat eThd atedilet
|l i keli hood Gaussian function assumption may

di fferent sources of wuncertainty that exi st
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transmissivity par amet ecrosn sairset eweta kwiyt hc otrhree I ra

obtained from thesZdM aeancetadagsi ve mul ti

3.5.2. Model Fit

For the ZM and-stlaé eadap hiodeSminBer eneasedeto
evaluate the overall model fit, whieh are in
i's a measure of overall modéelasfeidt wtdbSgthlt e ngb s
mDangshr e i ncl uuddeyd hienc a uhsiep rodta &t hres@gavmga e s

mo d eflhse. observation data used | nhdwewers,tudy
the simulated results apardaimeterentartehaml Yan
ZM and ihe smdaape .Meechroidtkecraases with the ZM
adaptigseamel Tablée2hodwlii ch suggests that the ov
weighted observati ofhat ©dla¢ aDREAMIi mprboed t he

uncertainties are quantifiTée uveisodgTaldeh sihiowas 9

2Zindi cathe what br it &€ dN IDaasheldr oheri a, i s excell
good for observations of hydraulic head duri
The meamodels fPoif Tabllkhaoadnciaihe moate! it i s very
good for observations of | and subsidence dur
for Iand subsidence during the evalwuation pe

analysis. The predi €igured8a nkgore38ir i chii md ti & st Isdto win

95% credible intervaésalaretheoohbhservedtaoat ac
predictions (the center of the intervals) ar
reason for the insufficient prediction of th
i's because of tbencomgleubésibdencse su€h as in
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|l ocati ofhi bf basl hs, delayed interbed drainag
to the occurrence of |l and subsidence. Anot he
|l and subsitddrmhee oibsetrtvati onal data used dur i

from a set of transects from years 1963 and

does not encompass the entire spatial extent
Subsiaremacse and the complex iIinteraction of ma
However, the objective of this paper is to f
Vegas Vall ey model, so we incorporated a sho
compuntaalt ito me and maxi mizing efficiency. 1In
revealed new spati al patterns of subsidence

Ssubsidence maps based on (tHoe& fdmatnan ,u sZeedb kiemr teh
2001, Bell, Amelung et al . WR0&Re Brlihe Ameba
i ncorporating high spaéeipeérred2Dadmand9dSAR
anticipate greatly improved calibration resu
in the inversion model. Nonetheless, the dat

mu tstcial e met hod is thpubeast fovetbeohumkthad

3.5.3. Comparison of the Three Inversion Strategies

Three different inversion strategies were in
scale method and DREAM MCMC. The zZM i s a f a
Ssubteve when defining acscal epaeametder szames
that provides criteria to reconstruct the zo
based on actual hydrogeol ogi cal comai ti ons,

zones that i s inherent in the other met hods.
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where hydrogeol ogi cal analysis shows that th
We then identify those zones sB8hathrawuveghi mport
sensitiv(iGyi msamdngsxeitdh et al . 2003 ,BoRdgl i a, Hi
refi nement iadicatorscpmade 8r& ordenirdormation on the minimization

of the optimal objective function, so the decrease of the objective function is not

guaranteed all the time, bithis provides an alternative to reconstructing the current

zones by saving time from triahderror guesses for zone structures. Due tatllemp | e x
hydrogeol ogical conditions and | arge amount
groundwat er ahnydd rlaaunldi cs uhbesaidd ence measur ement s
a model with finer cells and more parameter
hydrogeol ogical conditions and to better pre
patterns. eTaHiss tshtaud yt Srecavh @ a pmeit e dmulepir esent s
flexible and computationally eT&ao8ent met ho

zones according to hydrogeol ogical and sensi

The DREAM MCMC methodisachemei ghati cantly i mproves th

MCMC si mlVatuigons Ter Brbhakcah he.u22609)0 esti

probability dengiaryamleadmrectsi om &fi gmodié Imensi onze
sampling probl ems. However, the computati ona
such | arge models as the Las Vegas model dev

of uncertainty (sugchiapumeasuoemantd srerror)
processing, the commonl yEquaie80 fowmiatch i elbas
on the assumpualont arhmtf dlhleowsssa dmul ti vari at e

not practical f o(rB ecvoermp, | eSxmi a php lelth aasl j. o 2800 8D R E A
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MCMC could not be used with for mal l i kel i hoo
f or aashevelgas model , and is more suited for s

probl ems.

Theommonloguarsteidt ati ve model fit measur ement
adaptig®seamel met hod i s super iTable2a rofigirehe ZM anc
25, especially famdthandhysuhlaldenbdeafdi t durir
per.ifhed i nsufficient prediction of the | and s
attribbbhsepeadr steol yotssetviabubed,l data used durin
|t 6s anticipated that a better | and subsiden
| and subswedeenaxielllmltead ap-sc¢c &lee mméthod i s mor e
than the DREAM MCMC met hod. Therefocealeit is
met hod rtehper ebseesntt sand most efficient strategy
parameters for making credible premgcdnons,
accurate hydrogeologic model for Las Vegas V

nolni near probl ems.

3.6. Conclusions

This paper explores three inversecaslta at egi es
met hod and (3) DREAM to estimate the distri
inel astic skel e(&nSs,t areassges ca d evfefliiyoon ssf madsm o b s
hydraulic head and | and subsidence -measur eme

1987. The key conclusions can be defined as
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1. Cal i bivatlt s t hat we obtainedsé¢éaloen ZM and

met hod are si mi liasrt riinb unma gonni tfurdoem atnhdo sde o f
at zone $iguel7a n dFig@elic ) . Cakkahlmtbaedes are

| ower t han fFiguoeg3ac ¥ r obmutrast (I I fall within
for the cl &SyanShad enmdxdar ef hreeconstructed wi
mu lstcial e met hod where the ifnrtoem bMar gan ckn
and Dettinger T(SAAMgon€al abdaveldues appea
more realistically the hydrogeol ogical <co
.Because many sources of wuncertainty (such
structwexe searrnoar )t he Las Vegas model, the I
compati bl e -2w0ilt4dh ubAODE a f or nEgdatioh3)) k el i1 hood
which is based on the assumption that the
Gaussian distribution. Therefore, this me
parameters for this study.

. The adapscakemméthod is able to quickly a
T,SanSzones while providing more flexibil
t wo methods. The model #&adapteselamel show t
met hedipiesi or to, tdhep &di anlelt wofdor the | and
the calibration pe.ifh ewua & epgruehdyiecrta uolni co fh etahd
| and subsidence durangri bdasepeadradgdalayt i on per
di st roibbsuetrevdatta ounsad d ddaur i ng .t hlet Ocsa lainhtri actiipoar
that a better | and subsidence fit could D

subsi dewecree aliallmke| adapscalkemmét hod i s more
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than the DREAM MCMCu sned htoa ,s manade <safnu lbley ¢
parameters at the basi-scaltal sehteli bbdessitst he
strategy for calibrating optimal model pa
devel oping an accurate hydr.ogeol ogic mode
.For the DREAM method, the results show th
narrow to include all the observed data a
the obser veatttieorn cdaatiab.r atB on results are e
tempomaesolution InSAR data (basin wide s
i nversion model

. A CSS analysis indicates that i nformation
to cal T/SreanSep arldmeters in our study. A PC
no parameter i s prevented fromcladieng uni g

met hod and ZM.
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4. Quantifying high -resolution hydrologic parameters at the
basin scale using INSAR and inverse modeling, Las Vegas
Valley, NV

Abstract

Las Vegas Vall ey has had a | omtgrferograsns ory of s
have revealed detailed and complexspatial patterns of subsidence in the Las Vegas

Valley area that do not coincide with major pumping regidns.i s r esear ch repre
first effort to use high spatial and tempor a
|l nSAR and hydraulic head datd) toell avtercsedrydc
inelastic skel etSadnsg)pbrapge -devéfapadhes and
conducGhBnaf ftfhiel Ibafsawml ts for the entire Las
indicate that the subsidence observations fr
accurately quantifyingnoldydr awlliidrmari ame trersa,l
more accurate tha#dewhdrs wsi nmdsenmlvyatwatnesr, an
subsi dence Thebhffset betwaen pumpirgy and greatest levels of subsidence is

found to be attributed to variations in cldmjckness. The Eglington fault separates more

compressible deposits to the northwest from less compressible deposits to the southeast

and the fault may act as a barrier, althoughtef | uence of the barrier

found to be insignificant.

93



4.1. Intr oduction

Las Vegas Valley remains a rapidly growing metropolitan area with the population
reaching 1.4 million residents in 2014. To meet the growing domestic, irrigation and
commercial water demand, groundwater has been intensively pumped since #8905, wi
the largest volumes of pumping commencing in the 1950s. Until 1990 water levels

declined continuously throughout the valley, with al®@naximum decline occurring in

the westnorthwest part of the vallef(i g 8 &, #om(Burbey 1995).

Water-level change (m) Water-level change (m)
A predevelopment -1980 1990 - 2005
E g _,Lje‘/_
2 S =
o o ' 3
= = )
%
9 0 c
= = N
o
o &
(12 ) /
. 0, 11,8 e McCULLOUGH || 4 ¢, 7. ¢, grwnans ,«/J\ McCULLOUGH
LR RANGE NgtzZsim RANGE

Fi gB8de Walteewel <change in the principle aquiferl ¢gvagl from pre
measurements (from Burbey, 1995) dnredve(lb)mefarsogm &1e9go9ls st o L2a0 O &

Vall ey Water District, 2005)
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Due to declining water levels, decreasing paeger pressures within the aquifer system
have led to significant increases in effective stress, which accounted festalge
compaction of mostly fingrained sedimentderzaghi 1925, Poland and Dai869,
Poland, Lofgren et al. 1972, Helm 197Bgcause pumping has exceeded natural
recharge for many years now, intensive groundwater pumping in Las Vegas has led to
highly varying degrees of land subsidence. According to benchmark surveys, an early
subsidence map for the period 198863 shows that subsidence occurred as a singular
bowl located near downtown Las Vegas (central bowl), with a maximum subsidence
during that period of 67cnf{gure32a)Bell, Amelung et al. 2002)-or the ensuing

period 19631980, an updated subsidence map shows that three localized subsidence
bowls-the Northwest, Central and Southern boevesist near the central part of the
valley. The maximum total sslience in 1980 occurred in the Northwest bowl, which
was measured to be 78cFidqure32b)(Bell, Amelung et al. 2002)or the period 1963
1987, the three principal localized subsidence bowls became more widespread and
extensive. Observed subsidence of more tham#&t®rs had occurred in the northwest

bowl by 1987 Figure32c)(Bell, Amelung et al. 2002)
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LAS VEGAS RANGE

McCULLOUGH
RANGE

Figure32. Subsidence maps for 1935 to 1987. (a) Subsidence map for the periodc1988. (b) Subsidence map for
the period 196%1980. (c) Subsidence map for the period 18987 (from(Bell, Amelung et al. 2008)
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However, the bench mark surveys did not encompass the entire spatial extent of the basin
and the trasects miss major subsidence areas and the complex interaction of many of the
faults in the region. INSAR and GPS data have revealed new spatial patterns of
subsidence in Las Vegas Valley area that were not evident on earlier conventional
subsidence mafAmelung, Galloway et all999, Hoffmann, Zebker et al. 2001, Bell,
Amelung et al. 2002)nSAR techniques allow for the measurement of surface
displacements at spatial resolutions on the order of meters or tens of meters, and the
precision is on the order of millimeters to centimeters, and can cover very large areas of
up to thousands ofjsare kilometergHoffmann 2003) The first INSAR study of

subsidence occurred in Las Vegas Valley i&melung and others 8B9) (Amelung,

Galloway et al. 1999)Their research shows that the spatial extent of subsidence is
controlled by faults and clay thicknessdure33 A-B). Bell (2002) developed a

subsidence map for 196800 based on synthesis of3AR pattern, GPS and

conventional leveling data collected by the cities of Las Vegas and North Las Vegas in
1998 Figure34). The map shows théte maximum total subsidence was in the

Northwest bowl (bounded on the east by Eglington fault), which was measured to be 170

cm.

The connection between faults and land subsidence has been investigated by previous
researchers. Based on the INSAR map shiawigure33, Amelung ad others (1999)

pointed out that the four main subsidence bowls in the valley (Northwest, North Las
Vegas, Central and Southern bowls) are bounded by Quaternary faults, among which, the
Eglington fault appears to act as a subsidence barrier, where nlostsoibsidence

occurs on the western upthrown block of the fault. He inferred that the fault may separate
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more compressible deposits to the northwest from less compressible deposits to the
southeast, or the fault may act as a barrier, creating a disagnimwater level across

the fault. Donovan (1996) plotted a hydrostratigraphic map for the subsurface sediments
near the Eglington fault using the data collected from a cross sefetgung35). The

map shows that aquifer and aquitard thickness, transmissivity and elastic storage
coefficients are generally uniform across the fébtinovan 1996)The crosssection
constructed between the Eglington and Windsor Part fatitysiie33C) also shows that

both sdes consist of similar 300 m thick sections of compressible clays and water levels
in the crosssection wells do not show significant discontinuities or variat{Bedl,

Amelung et al. 2002)Bell (2002) inferred that fault gouge or secondaagbonate
cementation of the fault zone, or other mineralization occurring along the Eglington fault,
may act as a subsidence barrier. Based on the observed conditions of the Eglington fault
zone, Hernandeklarin and Burbey (2009) developed a series gidtlyetical numerical
models using ABAQUS to evaludtee faultzone width and the type of fatdbne

constituent materials that best represent the field conditions leading the large differential
subsidence and earth fissuring. The results suggest that the fault zone material is likely to
have mechanical prepties similar to sand, and the Eglington fault is best represented by

a 100m wide fault zonfHernandezMarin and Burbg 2009)
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and Larson grOImawadtetr, m®idrddne rt heeti ralmo dledl 7,6 )

precalibration transmissivity was estimated
and | ithologic dgtPd uinmet elTI9Bedeft iemalb yt Pd msnmi s s i
manually calibrated by adjusting transmissiyv

bet ween simul ated heads and observed heads w

tr-aadlrr ordanearhd a mini mum grid spacing of 2.

storage values were calculated based on grou

subsidence data measured at four benchmar ks.

and c¢r uudtei @n sdafr i i mul ated drawdown and | and

the now known complex patterns of subsidence

ti

me this model (Wwas |t#laBt9eBr) ocpoendv.e rdteendg t he Mor g

Dettinger model t o MchDeo nMO DUF LaOWW whibadriebautt g h 1 9 8

changing any final simulated p@Yameaz®d&) fron

|l ater updated dengdst medei mbyaexoe period to

original parameter estimates of Morgan and L

spacing( PBaeétkkdkeovzed ®04p)ed a one di mensi onal gr

subsidence model i n(Poejfenchinaon kil il Q@ &DE

hydraulic parameters UBtGSt henslt arl d readi asi textveme

1993. Hof{mMahhmbkeal Zeamd. BOEBHN)E{ eAmel ung

al RDOB)I nSAR SARDd cPbi ned with ground water
evaluate elastic and inelastic skeletal stor
i ndi vi dual | ocati ons. Unt il nNnNow no research
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transmissivities and el astic and inelastic s

at the basin seabeutsongl nSARhdgha and water

In this study, we nv o ke t he -sacdaalpet isvter amuelgtyi, whi ch we d:
previous research (Zhang and Burbey, 2014, s
strategy, to calibrate the transmissivities

coefficients of Las Vegas VYealslody tatatntahl en ShAaRs ic

and water head data from 1912 to 2010.

The second obj ect fudherinvektigatehhie mfluenecofdhe fadthr i s t o
and their potential role on influencing clay thicknesses and subsiderce. hVa v e

successfully exteodeld Lasy&agal02®&I0bsy nim MOD
(Harbauwgwht 2005 subbBotiéeEmaen( SUBarkee et al . 2C
horizontal fldwikar minedr FpE#ERI e D nWwii9I98 )i mpl e
a 600m I 600m grid cell size, by far the fin

dat e.

The third goabf this investigatn is to use the calibrated parameters to investigate future
trends of land subsidence in Las Vegas Valley by extending the simulation period of the

developed calibration model theyear 2030

4.2. Hydrogeological Condition

Las Vegas Vall ey encompasses an area of abou
Nevada. Thter enmoditrhgvewsal | ey i s bounded on all

composed of rocks ranging from carbonates to
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t hei remtbasin.-ddmenatedbo8S8pteng Mountains to t
represent the main source of natur al recharg
through fractures in the carbonates and t hen
i ntfridti on or | aterfFalg3yrobonodwabddi t nbhaw ¢(ech
occurring from the Sheep Rangef momtthhe n ¢t he
vol canic McCull ough Range to the southeast.
precipitation on the valley floor. Secondary
and golf course watering as wweddt ewatders cahrad g
has increased with(Mbegancards®DaBy polpal e@aadrn loy
1970s, the secondary recharge rate has excee
secondary recharge to the neéaMosgahaaerdaqui f

DettingerThle9 Bb)ut hern Nevada Water®m¥Ppwetrhority

year of water is |l ost to the shallow groundw
(Fi g3pRef ore the 19706s, glr owantdewa treers owarsc et hfeo
valley. To reduce the dependence on groundwa
Mead was i mported beginning in 1971 and now
use in the valley. To helpdmsubgiadentcde amga
recharge program was initiated bFi gbeelLas Ve

3pwhich invol vedoi Rijeernr i wgt €oliomtao the princ

winter months when water demand is | ow. This
approximately 30 m of groundwatFeirg3lheev. el i ncr
Currently, water that recharges the aquifers
secondary recharge of the shallow aquifer, i
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thupimgl stabilize or increase grbhiugudmweater | €
3h shows that groundwater | evels have underw
bain from 1990 to 2005. Nonetheless | and sub

t he vVvFRalgl3ctya d)b:& ause of hydr od ywiatnh -ct Hea gt iamses o

dependent drainage of clay interbeds.
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Las Vegas Valley is |l ocated in a stastwcturall

nort-heesti-igppiemgtQuaternary faults cut the

accumul ation of inter bedd edriaaiande di fnstéedris méenhgee r e
structur al basin. I n the northern, western,
consists ofgrmainreldy scaonadr saend gr avel . However

and -§raened toward the centralriand pdaes taeqrun fp
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composed matgmlay ncefd adewprosegt sai wipeh meameé ef i ne

interbeds, occurs -3G0 dm pld enlso v aMread nnab gesrdgr fdadc6eb Q

Harrill 1976, eMorlg9%omd)andh®eveéiihgcal directio

decrease (WMaxxlkeydamtdh Ja@esesohyl948) he principal

m to 90 m thick sequence of c¢clay, sand,

surface reservoir, which is not pumped n

4.3. PSInSAR (Persistent Scatterer Interferometric Synthetic
Aperture Radar) Data

In this study, we have incorporated the latesiiSAR data (20022010), which is

provided by Zhang (Youquan Zhang, Capital Normal University, CAi2). Two
independent data sets obtained from the European Space Agency and UNAVCO are used
for the study. Fiftyeight ENVISAT-satellite acquisitions were acquired in a descending
track mode taken over the Las Vegas Valley between October 2002 and October 2010.
Rawradar images were processed using ROI_PAC software developed by the
JPL/CaltecfRosen, Hensley et al. @0). Interferograms were formed using Doris

software developed by Delft University of Technology, the Netherl@taspes,

Hanssen et al. 2003)he PSINSAR dataHooper 2008Wwere processed to obtain
deformation phase data for each PS in order tutak the radar linref-sight (LOS)
displacement of each PS relative to the master acquisitions (23 November 2007), and to
detect the average velocity fields from the tigggies dataPSINSAR data were

processed to remove topographic errors, atmospéencs, the phase noise introduced
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by the filtering operation, the correction for elevataependent atmospheric effects and
the orbit tilts. A 40 m resolution is used in both the azimuth and range directions to
describe the subsidence distribution fasl\Vegas Valley. To test the accuracy of the PS
results over the Las Vegas area;IRSAR results are compared with the independent 3D
displacement data from a continuous GPS station (Zhang, ZByR)y€37). The
comparison between INSAR measurements and GPS measurements shows general
agreement with the loatgrm trend, but the PS data lack the seasonality of the GPS
observations. The lack of seasonality in the PS data is caused by the removal of
tropospheg errors, that are often mitigated by averaging several interferograms
(Hoffmann, Zebker et al. 2001Ynfortunately, this also has the negative side effect of

removing the seasonality in the data.

§

LandSubsdencecm

GPSe PSMmean

o & A W N P

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Fi gfTCaoompari sesrrdfest ilméSAR resul t ssetrda etshedapraojfeoat ead GPGS ,s ttait
by Zhang, person. Commun., 2012).

INSAR measurements from 2002 to 2010 reveal new spatial patterns and temporal details
of land deformation includg velocity and distributionRigure38). Compared with the

INSAR map of 1991998 Figure33), the most recent map shows that subsidence
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velocities are lower and new uplift bowls (areas 1 and 2) have develgedes38). In
addition, seasonal land deformation responses to pumping, artificial recharge and
secondary recharge have been lowered. In Las Vegas Valley the summer drawdown
season typically occurs from April to November, and the remainfd&ie year represents

the winter recovery seas@Aoffmann, Zebkeet al. 2001) Seasonally fluctuating water
levels along with detailed monthly INSAR data can be used to investigate how seasonal
variations in water levels are reflected in subsidence and rebound patterns. These stress
strain signals are found to be highly diagnoatid can be used to more accurately

estimate the elastic skeletal storage coefficients of the aquifer sffdegimann, Zebker

et al. 2001, Yan 2007, Bell, Amelungadt 2008, Yan and Burbey 2008)

Interestingly, however, the subsidence/uplift bowls depart from the principal locations of
artificial rechargeFigure38) and pumpingKigure33). Relative land subsidence/uplift
revealed byFigure38 suggests a spatial correlation between fault location, hydraulic

head change, interbed thickness and land deformation.
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The INSAR mapKigure38) shows four uplift areas (aread). Area 1 is located at the

location of the North subsidence bowl, which is controlled by the Windsor Park fault and

the Cashman Field fault, which has urgere a net uplift of 1246 mm with the largest

uplift amplitudes of 6mm/year. At the same time, the maximum vievet recovery for

this area is approximately 10Migure40m-p). Area 2 is located in the northwest part of

the Northwest subsidence bowl. Since 2002, the maximum-eatrrecovery for this

area has reached 8riure40c-e). The interbed thickness of area 3 is large, but nearly

no subsidence has occurred in this region. The lack of significant subsidence in area 3 can

be attributed to its lack of water level decline and by the feattit is located near a

bedrock boundaryHigure40i-I, andFigure4l). Area 4 is located at Whitney Mesa,

which is also adjacent to a bedrock boundary. No significant subsidence has occurred

10¢

n



here previously, which can be explained by the absence of thick clay interbeds or

significant water levetiecline Figure40v-w, andFigure41).

Figure38 shows two main subsidence bowls: the Northwest bowl (labeled 5) and the
Central bowl (labeled 6). The Central bowl has undergone a net coompaic-10mm to
-26mm with the maximum velocity 68.5mm/year. Groundwater levels have generally
recovered Eigure40f-h) in the aquifer so the ocawence of land subsidence during this
time period suggests the existence of residual compaction, which is due to the slow
draining(dewatering)f relatively thick clay interbeds. The Northwest bowl is bounded
to the east and southeast by the Eglinggatf where more than 160 cm of total
compaction has occurred since 19@(l, Amelung et al. 2002)and the subsidence in
this area has not ceased, although the maximum water level recovery for this area has
reached up to 30m since the 199Bigure40a-b). The importance of the Eglington fault

to subsidence has been studied by a number of researchers, which has been discussed in

sectionl.1.
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4.4. Updated Las Vegas Valley Model

4.4.1. Forward Model
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Transmi ssivities and el astic and inelastic s

have been calibrated at -ltnhSeA Rb adsait nathst coa |eev a | uusai
influencethat aul t s and cl ay thicknesselsi shhavtehiosn, | a
we have successfully extended a previous ver

2012 using-200B5RLrOVMught 2005 subslotemaen( SUB
Leake etamd .h2r0i0Bgnt al( Hs ioensh bamrd i Frre o kHFeBt) o n
p a c k a g @msplementing ae600m x600m grid cell siZéigure42a). A total of 87

stress periods are used to simulate the flow and subsidence in the new model that extends

from March 1912 to October 2010. The nesnceptual model consists of four model

layers: Layers 1 and 2 represent the +seaface aquifers; layer 3 represents the

developeezone aquifer for which aquifer parameters are calibrated, and layer 4

represents the degone aquiferigure42c). N e a alllofythe groundwater supply in the

valley comes fronthe developeaone (or principal) aquifer, which is 2@D0m below

the land surfac@Maxey and Jameson 1948, Morgan and Dettinger 1@®4)l v t h e
develzoopneed (or principal) aquifer is pumped f

assumed to be confined aquifers.
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FigaeaXea) Generalized surficial geol ogi ¢ maapn doffrilbnaem edegas Va

deposits, and principal Quat ersrean yAdma dAst smadidf ife & sfurrcers . B ¢
Amel eanhgal. (2002) that schematically illustrates the strat
(Bell, Amelun@gcetcahcep002) numeri cal model for t

4.4.2. Observations

Groundwat er rhegagwmrud menthseadoveri ng Rihgureent i r e
39 and high spatial and tempor al land subsid
2010) nap&ed in this study. Although the spat
we use a 600m (which is the size of the mode

i nvestOmlay ioome poSARsecdtezted randomly to rep



obsérvaal S u bos adeem cmo dredlllhugs i e tchedd .of sel ect
considered to be pgeméramlalty cs h@cthmatdr @ sitthieo

subsitdheantceoccur s over t he area of one model

4.4.3. Parameters

The key paamametalrisbt awméd and that are believ

subsidence and hydraul i T ,heealdasdtaitca aanrde i nterlaan

(7]

torage cSpaerfSf)i cofenltasye(r -8oféehaqgdefvet ppadd t h

O

onducQmh nacf atyhotzentalflow barriery The principal aqui f ¢

]

esponsi ble for transmitt i n(gMasxiegyniafn dc alna megsuoa
1948, Mal mberg 1965, Har ri landlecrobrnutt Monggaao an
virtually al/|l of the othwerVepmgar aanBdh sduh,s i adrech ¢
Sparameters were co(nandexOsdt7i)cm Yaredd rmad eld

estimates of both zones and parameters of | a
of the other | ayers af(¥akhePp®d 7dhree sraonte laes| iYawn

have significant bearing on the overall si mu

4.4.4. Inversion Method

The adapscakeemal gorithm, which provides crit
refining or cmotarzocemdsngg s haepAchererde | @Qh d\he st sd tu
2002 )Thesgueaarsets objectiveebsfheoeai on missdief | ne d

with respect to the2pPp@Paemeceerer Mabluesed & CODEO
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mi ni mi ze t hes gweargehst eadb jl ecoatsitmg & u nibetwitboined Gau

me t hTbedweighted leastquares objective function can be written as:

ND NPR

J@=a W Yongy - Vi @)’ +a Wl Prriorp) - Pp(a)]2 (1)
i=1 p=1

where,

a=(T,S..S,.CR (2)

and represents the parameter vettdye optimized: ND is the number abservations,

NPR is the number ofiispheWejghtfoitIme“ﬁodnsemmidm'rpon val ue
is the weight for the Pprior estimateyons() represents thd'iobservation, y U)

represents the simulated value which corresponds t8 tieservation, Rior) represents

the " prior estimate, f U) r e p r "esnelated salue. h e p

Prior information i sawmsieod ftohre pobaarsa pee toefr st hTe a
angd&stribution map provi{iMedghy Modgdet andge
1994)The parameters are Itod hter anafnadramad .deWd a:
0.349, which is used to weight the prior inf
of values for the parameters is between one

Morgan and Dettinger ( 1h9e9 4c)o nwietrhg ean c9e5 % rpirtoebra

0.01, which means that the regression conver
function is |less than 0.01 for three sequent
parameters is | emestdrhsan 0.01 for all para

| f parameters have composite scaled sensitiwv
times the | argest CSS, it is |ikely that the

Ander man and others, 1996), so wb@@DHmEi ni mi zi



2005, we choose to omit those parameters t ha

nonuniqueness can be detected using paramet e

Parameters with PCCO0s | arger than 0.85 wil!/|
(Fogli a, Hi | | et al. 2009)
4.5. Results

4.5.1. Calibrated Transmissivity Zones and Values

Transmi 9)siofi tlieeyser( 3 are calidwhpaerdamet eérhse b
described (i Yha nY a2n00€s 7 9neadvgrdl 8ien The par ameter es
problem is solved through 15 iterations of s
domains (especially zone E amd Zomen§ ithet he
procedure. The final zone diBitgd4batiMnst and
zones have simil a&amanT (I00gs & ctelfditgaftrrezmane s
4%. Cag@arasemred all uvi al deposi tkKi gpdridee kannodwn t o
in the sout hermnggdret owhiphamagsleas [Hi gher sin
values for zones E and S. The sensitivity an
values | arger than 6i g44ileti meéiscathieng arlgastt
the observed data provide sufficient infor ma
analysis shows that no parameter has a corre
i ndi cates t hartameiteeresstarneatuendi qgpue gi ven t he i

observations.
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Fi ged#hecompari son between transmissivity vatalks $romt ¥gm. ( -
Zones C, E anki gl BaerCeS Ss hroewprnr eisnent s t he composite scal e

4 .5.2. Calibrated Ske and Skv Zones and Values

The parSaareliefr sl ayer 3 are calibratsdadt t he
strategy.SS&ntpapramset efs descriYbbed@20®d) Yanods
s h o whigutie4ba. TShsenSpar amet ers that Yan used are
Dettingdigured).9Bd)i 6terbed thicknessaemsd that ar
SSare inferred for many | ocations within the

t he nort hwes t( Moargta no fa ntdh eDelwd ®imm etr hd 9B @) i ngt

| ocated, hencket ain arbetrt ér Smo8lglonfeist anrdecon
cali brating parameter values based on actual
parameter estimation problem is solved throu

approxi matiimghsorbycaeaerfsenni ng the zone domains
part of the basin where initial estimates we

procedur e.

The final cali brated zoneanFdureddbr i CatiSidbmataddd
anYiyvalues are | ower than those calibrated by
Eglingtowhtael we believe a t Donovare(t996) nt er bed
and Bell (2002) inferred that q u i f aguitaréthickness and elastic storage

coefficients are generally uniform across the Eglington fault, however, the data they

collected are frontwo cross sections, which are constructed beyond the large interbed
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thickness area that we inferred. It can be seen Figowre45 that the Eglingtorfault may

separate more compressible deposits to the northwest from less compressible deposits to

the southeast al t hough the compressible deposits dc
upthrown block. Sensitivity analyes$ sl ahges t
than 0.11 timesSehkdibatgeagt t@8S| wirgglest CSS,
parameter is highly sensitive to the observa
A PCC analysis shows that ineontpsarlaamwegteerr thhaasn c
indicating that the estimated parameters are

model giinwfemr mahtei on provided by the observati

_::;ﬁl:: b

coefficient zon

Fi ga45Ed asti c and inelastic s e
| his study.

el et al S
adaptigeame t

k t
strategy f

4.5.3. Calibrated Conductance of the Fracture (Horizontal -Flow Barrier)
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In order to evaluate the cductance values near the Eglington fault,geh t
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4 8. 5 x
5 5. 5@FE
6 9. IHE
7 8. 3 E
8 0.134

45.4. Calibrated Groundwater Levels and Land Subsidence

The finall,ScahnORvaatlaucks are used to calcul at e

heads awiddd& alsamd. subsi dence

Simulated groundwater levels are showifrigure40 andFigure4?. It can be seen from
Figure4d0t hat t he cali brated model produces a bet
NasShut cl i ffe eNB(lNMasshweyoldinBifeenalsds7 Ob)al)ance err

and the ScbWlSzc hcud iZzh e Bteoaarle( uls9%9d9 )t o eval uat e

NSmanbDlare commonly used in evAlgaantnigt @tyidv e g «
assessment of the model fit is |isted in
Tabdaqui val ent qualitati vNeSa aBvseelsuserse narse alsissotcd «

TablWheén the simulated val u&®g emralt cthhitshe obse

i ndi cates t haltudgeirea esdgrue gateerd tvhan t he obseryv
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whil e f or n<hOe tchaes es iwthuel oant eadv lewaalguee, ¢ hame t h e

observed val ues.

TheEriteria indicates that the fit between t
i's excemdrinter Thhei ndi cates that on average,

| arger than t heDcorbisteerrviead ihneda dcsa;t efTghoeb dat t he
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