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ABSTRACT 

Geophysical methods offer potential benefits for hydrologic investigations 

because they incorporate non-invasive, non-destructive measurements that are 

hydrologically relevant. This study compares the utility of gravity measurements to the 

utility of water-level measurements for constraining aquifer parameters in a model of 

transient ground-water flow in an unconfined aquifer. Gravity and/or water-level data 

with appropriate measurement uncertainty added are used to constrain aquifer 

transmissivity or hydraulic conductivity (K) and specific yield (Sy) estimates using the 

computer program UCO DE. The results demonstrate that the high correlation of the K 

and Sy parameters using only gravity measurement sets makes estimating unique Kand 

Sy parameters difficult and influences the quality of the estimated parameters. Parameter 

correlation is higher for the gravimeter response than for the well response because of the 

complex dependence of the gravity response on the shape and density change of the 

drawdown cone and because of spatial averaging by the gravimeter. 
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1.0 INTRODUCTION 

Water availability is a major concern in the rural communities of Arizona where 

increasing population in a drought-stricken semi-arid environment, is straining local 

ground water supplies [ Phillips and Thomas, 2005]. As a response, policy makers and 

water resource managers are developing water management policies aimed at achieving 

"sustainability" of existing ground water resources [ U.S Department of Interior and 

Upper San Pedro Partnership, 2005]. In particular, numerical ground-water flow models 

are used to aid in the evaluation and selection of an optimal water management policy. 

Calibration of these models requires measurements of ground-water levels, streamflow, 

recharge fluxes, and aquifer properties reflecting basin or regional conditions. However, 

there is often minimal information regarding two key aquifer properties: hydraulic 

conductivity and specific yield. 

Normally, hydraulic conductivity and specific yield are estimated through aquifer 

pumping tests [Neuman 1972, Nwankwor et al, 1993, Moench 1995], however, there exist 

several limitations to this technology. First, aquifer pumping tests can be limited by the 

lack of available monitoring wells, especially in remote areas. Especially in a semi-arid 

environment, if the aquifer is very deep, drilling deeps wells for the sole purpose of 

monitoring can be cost prohibitive. As a result, many aquifer tests use production wells 

for monitoring water levels in space and time. On the other hand, monitoring wells may 

be periodically pumped to determine the long-term aquifer response, such as monitoring 

the aquifer response to a newly initiated production well. But this practice of well

switching for pumping and monitoring purposes brings into question the accuracy of 
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water-level measurements obtained from these wells. Not only is interference from near

by pumping wells a consideration but also, non-ideal well construction can also 

contribute to the standard error in these pumping analysis. Therefore, it is necessary to 

identify cost-effective alternative methods to collect hydrologic data in efforts to reduce 

potential inaccuracies and constrain pumping tests and to improve hydrologic predictions, 

thereby improving water management efforts. 

One promising alternative method is the hydrologic application of geophysical 

methods. Geophysical methods have been widely used in mineral exploration because it 

offers the ability to infer characteristics and extents of subsurface materials. In particular, 

ground-based gravimeters measure the gravitational acceleration as a function of location 

on the ground surface. Changes in gravitational attraction in space and time can be used 

to map subsurface density and identify temporal changes, which are typically due to fluid 

addition or withdrawal. 

The gravity method was first used for oil exploration in the Gulf Coast of the 

United States and Mexico for detecting buried salt domes or anticlinal structures, areas 

most likely to contain fossil fuel reservoirs [ Dobrin and Savit, 1988]. Advances in 

hydrological applications of the gravity method have improved our knowledge of aquifer 

properties. For example, temporal changes of gravitational attraction have been used 

with independent water-level measurements to estimate the specific yield of an 

unconfined alluvial aquifer in central Arizona [Pool and Eychaner, 1995; Pool, 2005]. 

The use of temporal gravity measurements for ground-water flow model calibrations was 

also suggested by Pool and Eychaner [Pool and Eychaner, 1995]. Finally, temporal 



gravity methods have also been used to determine the depth to bedrock in shallow 

unconfined aquifers [ Bohidar et al 2001]. 
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In this study, we examine the potential value of gravity measurements for 

constraining the interpretation of aquifer parameters during the initial pumping of a 

production well in an unconfined aquifer. Specifically, we calculate ground-based 

gravity and hydraulic head responses to pumping. We then add measurement error to 

both measurement types. Finally, we conduct inverse parameter estimation to determine 

hydraulic conductivity and specific yield using gravity and head measurements both 

independently and jointly. Based on the errors in the hydraulic conductivity and specific 

yield estimates, we attempt to separate the contributions of signal to noise ratio and other 

instrument response characteristics on the comparative utilities of gravity and head 

measurements. Lastly, we examine whether the addition of gravity measurements to 

monitoring and pumping well measurements can improve the accuracy of hydraulic 

parameter estimations 
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2.0METHODS 

2.1 COMPUTING THE RESPONSE OF AN UNCONFINED AQUIFER TO PUMPING 

The mechanisms responsible for storage change are different for confined and 

unconfined aquifers. For confined aquifers, storage changes are due to expansion and 

compression of the aquifer skeleton compaction and, to a smaller degree, expansion and 

compression of water. These processes cause density changes primarily by altering the 

porosity of the medium. For unconfined aquifers the primary mechanisms of storage 

change are the filling or draining of pores, exchanging water and air in the pore space. 

Typically, aquifer compaction can be ignored for unconfined aquifers. The volume of 

water released from ( or added to) storage per unit area of aquifer per unit change in 

water-table elevation defines the specific yield (Sy)[-]. 

We simulate the unconfined aquifer response to pumping using MODFLOW-

2000 [Harbaugh and others, 2000], a public domain numerical ground-water flow model. 

Quantitative models of ground-water flow such as MODFLOW-2000 are necessary for 

quantitative evaluation of water resources and to make informed management decisions. 

The use of numerical models by ground-water hydrologists is prevalent due to their 

flexibility and ability to incorporate spatially distributed data and the complex geometry 

of real world aquifers. While models vary in complexity, they all describe ground-water 

flow as a simplified representation of a real system. The models include internal 

mathematical relationships that describe water flow within a domain and boundary 

conditions that isolate the domain from its surroundings. 
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MODFLOW-2000 numerically solves the three-dimensional ground-water flow 

equation for a porous medium with the finite difference method. In MODFLOW-2000, 

the water-level responses are computed at the center of each finite difference cell. 

Specifically, the unconfined aquifer response can be simulated using the Layer Property 

Flow Package in MODFLOW-2000, which computes the ground-water flow equation for 

unconfined aquifers while accounting for changes in the saturated thickness due to 

drainage. The water-level response computed by MODFLOW-2000 assumes 

instantaneous drainage and ignores wellbore storage effects. Although MODFLOW-

2000 can be modified to represent these effects during a synthetic pumping test [ Halford 

et al 2006], these options were not available at the time of this investigation. 

MODFLOW-2000 was used to calculate the transient drawdown s(x,y,t) during 

pumping in a horizontal, homogeneous, isotropic, unconfined aquifer. Five aquifer 

conditions/properties [ K, Sy, b, Zwt, Q] were varied to create twenty-eight different aquifer 

types. The range of these five conditions/properties is consistent with conditions of 

aquifers found commonly in the Southwest United States. The initial water-level of the 

single layer at the beginning of the first time step was set equal to the top of the model 

cell. The model domain consisted of 10,000 cells with dimensions of 100 meters by 100 

meters. The model boundary conditions consisted of constant head boundaries on each 

side of the domain to ensure that there was no changes in mass at the boundaries that 

would contribute to the gravity signal within the domain. The pumping well was located 

at the center of the model domain. A constant pumping rate was applied over a one-year 

stress period with twelve transient time steps. The water-levels at the end of the previous 
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time step are used as the initial water levels for the next time step. For these pumping 

conditions, the domain was large enough to minimize the impacts of the constant head 

boundary conditions on the water-level response. Specifically, the same ground-water 

flow simulations were conducted for a domain twice as large as the domain used in the 

study with no difference in response. 

2.2 CALCULATION OF GRAVITY 

Newton's Law of Universal Gravitation forms the theoretical basis for using the 

gravity method for subsurface exploration: 

where Fis force of attraction [M L/T2
] between the two particles with masses m 1 [M] and 

m2 [M] separated by a distance r [L] and G is the Gravitational Constant and is 6.67xl0-11 

m3 I kg s2 
• Equation 1 can be rewritten to describe the gravitational responses of simple 

bodies. For example, the vertical component of the gravitational anomaly of a spherical 

mass at depth, z, with an excess mass m2, is: 

where excess mass is defined as the mass of the body less the mass of an equal-sized 

body with a density equal to the background. Given that Equation 2 does not depend on 

the size of the body, it can be used to compute the gravitational acceleration of a 

theoretical point mass. The gravitational acceleration due to an infinitely wide buried 

vertical cylinder with a density contrast of L1p [M/L3
] from the background and thickness, 

(1) 

(2) 



b [L], is referred to as the Bouguer Slab Approximation (slab approximation) [Dobrin 

and Savit, 1988]: 

~g = 2trG~pb. 
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The slab approximation can be applied to any horizontal layer if the lateral extent is much 

larger than the vertical distance to the slab's center of mass. The slab approximation is 

used commonly in gravity data processing to remove the effects of a tabular body other 

than the target of interest (Bouguer correction) [Dobrin and Savit, 1988]. Gravitational 

acceleration is measured in Gals where one Gal is equal to one centimeter per second 

squared. Gravitational acceleration is also reported in milliGals (mGal) and is defined as 

10-3 centimeters per second squared. The gravity responses reported in this study are in 

units of microGals (µGal) which are defined as 10-6 centimeters per second squared. 

2.3 MEASURING GRAVITY WITH GROUND-BASED GRAVIMETERS 

Typically, gravimeters only measure the vertical component of gravitational 

acceleration. There are two types of ground-based gravimeters: relative gravimeters and 

absolute gravimeters. Relative gravimeters use a sensitive spring to detect changes in 

gravitational acceleration ( either with location or time) and have an accuracy of 

approximately 5-10 µGals [Scintrex Brochure 2005]. A gravity survey performed with a 

relative gravimeter needs a stable control point (usually bedrock) whose gravitational 

acceleration does not change with time. A series of gravity measurements are made 

around this stable control point at multiple times with the relative gravimeter. The 

gravitational acceleration is reported as relative to the stable control point. An absolute 

(3) 
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gravimeter measures the gravitational acceleration at the measuring point by tracking a 

falling mass using optics. Today's absolute gravimeters have an accuracy of 1-2 µGals 

and do not require a stable control point [Faller and Vitouchkine , 2003]. Raw gravity 

measurements must be corrected for tidal, latitude effects, and instrument drift effects. 

Temporal gravity surveys track the change in relative or absolute gravity at a common 

location with time. 

2.4 A HYDROLOGICAL APPLICATION OF GRAVITY 

Hydrologic applications can make use of temporal changes in gravity due to 

hydrologic processes. For instance, the removal or addition of water from storage is 

associated with a change in the subsurface density distribution. Assuming an 

incompressible medium, complete drainage, and a water density of 1.0, and ignoring the 

mass of air, Mair, the change in bulk density between two measurement times is: !1p = 

~.ti) - ~JI). This can be related to Sy through the change in volumetric water content 

between two measurement times, 11B = tKJ2) - tK •. JJ) [M/L3
], as: 

/1p = /),.M water + /),.Msoil + /),.Mair = ~ = S 
V y 

Pwater 

(4) 

(Note that .dp in Equation 4 represents the change in density between two measurement 

times, not the change in density between a body and the background.) 

Because of the direct relationship between the change in density and Sy, the 

gravity method can be applied directly to monitoring the response of unconfined aquifers. 

For example, Pool and Eychaner [1995] used a modification of the slab approximation 
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(Equation 3) to estimate Sy in an unconfined aquifer in Arizona. Specifically, they 

measured the change in saturated thickness (b) with wells to constrain 11b = b(t2) - b(t1). 

Then, assuming complete drainage between gravity measurements, they used the change 

in measured gravitational acceleration with time, L1g = L1g (t2) - L1g(t1), to infer 

L1p. Combining Equations 3 and 5 relates the Sy to the measured changes in band L1g as: 

s =~ 
y 21lGb 

(5) 

2.5 GCODE A COMPUTER PROGRAM TO COMPUTE THE GRAVITY RESPONSE 

OF AN UNCONFINED AQUIFER 

A computer program (GCODE) was written in C to compute the gravitational 

response of an unconfined aquifer due to pumping. To compute the gravitational 

response, GCODE is coupled to a ground water flow model. This coupled approach 

involves performing a forward simulation using the ground water flow model then 

GCODE calculates the change in gravitational acceleration based on the ground water 

flow model results. That is, the change in the gravitational acceleration of an unconfined 

aquifer due to pumping is directly calculated from the simulated change in the water table 

elevation of an unconfined aquifer due to pumping. This approach is advantageous 

because it avoids errors associated with an independent geophysical approach. 

GCODE first initializes the problem by reading the parameter input file to define: 

(1) the number ofrows and columns in the solution domain of the ground-water flow 

model; (2) the dimensions of each grid cell; and (3) Sy of the unconfined aquifer. 
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GCODE also reads in an array containing select surface locations at which the change in 

the vertical component of gravitational acceleration will be computed (gravimeter 

locations). Lastly, GCODE reads in the initial head and final head values for each grid 

cell in the domain from the ground-water flow model output file; which are used to 

compute the change in water level in the cell through time. 

A function (GRA VCALC) was written within GCODE to compute the change in 

gravitational acceleration (d~eas) at all user specified locations. Before executing 

GRA VCALC, constant variables such as cell area (Acell) and distances between cell 

centers are computed. The variables and arrays that are passed into the GRA VCALC 

function include: (1) arrays containing initial h(xcell, Ycell, ti) and final h(Xcell, Ycell, t_r) head 

values; (2) arrays containing the distances along the rows and columns; (3) the specific 

yield (Sy); (4) cell area (Aceu); (5) top surface elevation (zsurface). 

GRA VCALC begins by computing the distance (r) between a gravimeter location 

at the surface and the center of mass of the dewatered volume within each block in the 

domain. The expression used to compute this distance between one surface location 

(Xsurface, Ysurface,, Zsurface,) and the center of dewatered mass (Xcel/, Ycell, Zwtl) is: 

r = (xswface - Xcel/ + Ysu,face - Yee/I + (zsu,face - zw, 

where; 

(6) 

zw, = Zsu,face -(zswface -(zswface - h(xce/l' Yee/I' t;} + .5(h(xceli' Yee/I' t f }- h(xceli' Yee/I' t;} )) · (7) 

The volume of water that has been released from storage within the dewatered cell is 

computed by taking the difference between the final water surface elevation and the 
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initial water surface elevation at the first time step and multiplying the result by the area 

of a single cell and by Sy: 

~ V = Acell X Sy X (h(xcell' Y cell' ff )- h(xcell,Y cell' ti)) (8) 

For a water density of 1.0 g/cm3, the mass of this water in grams equals the 

volume in cubic centimeters. The vertical component of the change in gravitational 

acceleration at the gravimeter for each dewatered cell at time t is computed using a form 

of Equation 2: 

~g. = G (~Vp;)zwt(xcell,Ycell,t) 
l r (xceli' y cell' t) 

(9) 

Note that GCODE assumes that the change in mass within each cell occurs as a point 

change located at the center of mass of the dewatered region (Figure 1 ). 

(a) (b) 

Dewatered Cell Point Mass of Dewatered Cell 
Figure 1 Representation of the point mass assumption made by GCODE. (a) Actual shape 
of dewatered cell. (b) Point mass assumption of dewatered cell. 

This assumption was used for computational efficiency, and is examined later by 

comparison with a more complete gravity solution. This computation is repeated for each 
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dewatered cell and the results are summed over the entire model domain to yield the 

change in gravitational acceleration at the gravimeter location as: 

!::,.gmeas = Lf:,.gi · 

This procedure is then repeated for each surface gravimeter location (Figure 2). 

Dewatered Cells 

Figure 2 Calculating the gravity response at two different surface locations for the same 
changes in mass. The solid red lines show the distances to the changes in mass in the 
ground water flow domain. The dashed lines show the distances to changes for the same 
mass only at a different surface location. 

2.6 INVERSE MODELING 

Ground-water model calibration involves adjusting model parameters until the 

simulated dependent variables adequately match the measured dependent variables 

(observations). Measured dependent variables include but are not limited to ground-

water levels, ground-water flow directions, and fluxes. Although it is conceptually 

straightforward, non-automated calibration can be time consuming and detract the 

(10) 
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modeler from the basic construction and interpretation of the model [ Hill, 1998]. 

Furthermore, the results of non-automated calibration may vary depending on the 

modeler's experience and their initial guess of the input parameter values. The 

application of non-linear regression for automated ground-water model calibration has 

been documented and applied by Hill [ 1998] and Poeter and Hill [ 1998] among others. 

Inverse parameter estimation of hydraulic conductivity and specific yield using 

water-level and/or gravity measurements was performed using UCODE [Poeter and Hill, 

1998], an automated inverse modeling computer program that utilizes nonlinear 

regression to perform parameter estimation. UCODE solves the nonlinear regression 

problem by minimizing a weighted least-squared objective function with respect to the 

parameter values using a modified Gauss-Newton method. The least-squared objective 

function used in UCODE is expressed as: 

ND 2 

S(b) = Lm}2
i [Yi - y\ (Q)] (11) 

i=l 

where, 

b = a vector containing values of each of the parameters being estimated; 

ND = the total number of observations; 

Yi = is the /h observation being matched by the regression; 

y 'i(k) = is the simulated value which corresponds to the ith observation; 

'gh £ h ,th b . ffisi = we1 t or t e z o servabon. 

UCODE modifies the unknown parameter(s) in the input file of the numerical 

( forward) model( s) and executes the ( forward) model( s) and this process is repeated until 
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Equation 11 is minimized. The forward model calculates the observations that would be 

made in the absence of measurement error and assuming that the forward model correctly 

describes the processes under study. Prior information about parameter values can also 

be included in Equation 11, however, for this study no prior information was included in 

the inversions. The inversion process using UCODE in this study involves performing 

forward simulations with MODFLOW-2000 and/or GCODE followed by an inverse 

simulation. In the inverse simulation, UCODE adjusts both the Kand Sy parameters in 

MODFLOW-2000 and the Sy parameter in GCODE. While the K value is not directly 

input into the GCODE model, the gravity response is calculated from the change in the 

water table elevation based on the K value used by MODFLOW-2000. The results of the 

forward simulation are compared with the observations (with measurement error added) 

and the differences between the measured and estimated values are referred to as 

residuals and are expressed as [yi - y\ {Q)]. Weighted residuals are expressed 

as w/12 [yi - y\ {Q)], which allows for different weights to be added to different 

measurement types depending upon the uncertainties of the measurements. The K and Sy 

parameters are adjusted until the predictions and observations are acceptably close. 

Unlike the non-automated approach, the automated approach using UCODE 

automatically alters the input parameters and generates important inferential statistics on 

the certainty of each estimated parameter and scaled and dimensionless sensitivities. 
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2.7 AQUIFER PROPERTIES/CONDITIONS 

The five aquifer properties/conditions that were identified as exerting control on 

the water-table and gravity responses are: hydraulic conductivity K, specific yield Sy, 

pumping rate Q, aquifer thickness b, and initial depth of the water table z {Table 1). 

Maximum and minimum values were assigned to these properties/conditions that are 

consistent with unconfined aquifers found commonly in Southwestern Arizona [Anderson 

and Freethy, 1996]. In total, twenty-eight water-level and gravity responses were 

simulated using different combinations of the listed maximum and minimum parameters. 

The measurement sets for the wells consisted of water-level responses at the pumping 

and monitoring wells in fourteen aquifers. While the gravity responses were computed in 

twenty-eight unique aquifers. The difference in the number of well and gravity 

measurement sets is caused by the difference in how the models represent the land 

surface elevation. A flat water-table is represented across the MODFLOW-2000 model 

domain and is also equal to the surface-elevation. This assumption is made because the 

water-level measurements are not sensitive to the depth to water. The gravity 

measurements, however, are sensitive to the depth to the water. The surface elevation is 

represented in the gravity model as a flat plane above the initial ground-water table. This 

model configuration allows for only one surface elevation to be specified in the gravity 

model. The surface elevation was represented in GCODE as the depth to the water-table 

measured from the surface added to the initial water-table elevation. For each of the 

fourteen ground-water flow simulations a maximum and minimum initial depth to water 
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is added to the initial water-table elevation to define the surface elevation used in the 

gravity calculations. 

Maximum Minimum value 
value 

Hydraulic Conductivity (K), 
85 (ft/day) 42 (ft/day) 

3.01 X lff4(m/s) 1.47 X 10-4 (m/s) 
Specific Yield (Sy), 1/m 0.35 .08 

Hydraulic 
Properties Aquifer Thickness ( b ), 305 (m) 47 (m) 

(1,000 ft) (150 ft) 
Initial Water-Table Depth 30 (m) 10 (m) 

(Zwt), (100 ft) (33 ft) 
.20 (m3/s) .0397 (m3/s) 

Pumping Pumping Rate (Q), 
5,000(AFNR) 1000 

Properties 
(AFNR) 

Table 1 Maximum and minimum aquifer properties/conditions used to generate the error 
free synthetic observations sets. 

The simulated aquifers were not constructed to represent specific locations; rather 

they are intended to cover a range of possible conditions that may be found in Southern 

Arizona. The water table and gravity responses were computed at monthly intervals 

using pumping rates consistent with those in rural Arizona communities [Tadayon, 2005]. 

2.8 OBSERVATION SETS 

For each of the twenty-eight simulated aquifers, three different error-free 

observation sets were used as the basis for the observations for the inverse parameter 

estimation in UCODE. These observation sets consisted of the water-levels at the 

pumping well; water-levels at the monitoring well located 560 meters from the pumping 

well; and gravity measurements at three measurement locations 0, 280, and 560 meters 
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from the pumping well for each time step. That is, for each aquifer simulation the error 

free observation set consisted of twelve water-level measurements at the pumping well 

and twelve measurements at the monitoring well and three gravity measurements. 

2.9 MEASUREMENT ERRORS 

To make the comparisons among measurement types and noise levels clear, a 

single measurement error time series was defined. That is, a single, random, normally 

distributed, unbiased measurement error time series was calculated with a standard 

deviation of one and a mean of zero. Then, a multiplier was calculated for each data type 

by taking the square root of the measurement error variances listed in Table 2. These 

variances represent seven different measurement error conditions: field-condition 

pumping/monitoring wells; test-condition pumping/monitoring wells; relative 

gravimeters; absolute gravimeters; and ideal gravimeters. Test-condition head errors 

represent errors associated with instrumentation used for water level monitoring and are 

very small. Field -condition head errors also account for added uncertainties due to 

interference of nearby wells and non ideal well construction. The measurement 

accuracies of relative and absolute gravimeters are available from instrument 

manufacturers. The error from a theoretically ideal gravimeter was assumed to be 

comparable to that of a test-condition head measurement at the monitoring well in terms 

of signal to noise. This ideal gravimeter is likely more accurate than any commercially 

available gravimeter will be in the foreseeable future. By multiplying each error 

magnitude by the common unit error series, identical error sequences were formed with 
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magnitudes that represent different instrument performances. As a result, we could 

compare the effects of differing measurement errors while isolating variations among 

error series. 

Measurement Field Conditions Test Conditions 
Types and Abbreviated Variance of Measurement Variance of Measurement 

Names Error Error 
Pumping Well Head, (PW) 

.5 .001 
(m) 

Monitoring Well Head, 
(MW) .1 .0001 

(m) 
Relative Gravimeter, (RG), 

100 
~g, µGal 

Absolute Gravity, (AG) 
1 

~g, µGal 
Ideal Gravity, (IG), 

.1 
~g, µGal 

Table 2 Variance of the measurement error added to the synthetic error free water-level 
and gravity measurements to create the observations sets. 

Each of the head error series was added to each of the noise-free head data series to 

produce four measurement series: water-level at the pumping well with field errors; 

water-level at the pumping well with test errors; water-level at the monitoring well with 

field errors; and water-level at the monitoring well with test errors. Similarly, three 

gravity series were produced by applying each of the three gravity error series to each of 

the noise-free gravity data series. 

To limit the number of cases examined, only thirteen data series consisting of 

water-level and or gravity measurement sets were considered (Table 3). The size of each 

data series varied from only twelve measurements using only the pumping or monitoring 

well measurements to forty-eight observations using both water levels and the gravity 



29 

measurement sets. These specific water level and gravity measurement combinations 

were intended to evaluate the usability of gravity measurements with different noise 

levels alone or combined with existing pumping or monitoring wells with field errors for 

inverse parameter estimation. 

Inversion Type Observation Field Test 
Sets Conditions Conditions 
PW ..J 
PW ..J 

Single Data 
MW ..J 
MW ..J Type Inversions 
RG ..J 
AG ..J 
IG l 

PW+RG ..J ..J 
PW+AG '1 ~ 

Multiple Data PW+IG ..J ~ 
Type Inversions MW+RG ..J ~ 

MW+AG '1 ~ 
MW+IG ---1 '1 

Table 3 The thirteen combinations of water-level and/or gravity measurement types and 
error conditions used as synthetic observation sets for inverse parameter estimation. (An 
"~" indicates that the data are included in the observation set.) 

The water-level and gravity measurement sets with the added measurement error 

were used as synthetic observations for simultaneous inverse parameter estimation of 

both Kand Sy. For inverse parameter estimations with one single data type, each 

measurement was weighted equally as each measurement in the inversion has the same 

units and the same measurement uncertainty (variance). For the single data type 

inversions with water-level measurements only, MODFLOW-2000 was used to compute 

the simulated water-level values based on the UCODE estimated parameters. The 
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weighted least-squares objective function S(b), used in UCODE for the inverse parameter 

estimation with one data type the water-level measurements is: 

ND 2 

S(b) = L w}2 
[si -s\ (Q)] (12) 

i=l 

where, 

b = vector containing values of each of the NP parameters being estimated; 

ND = total number of observations; 

si = lh water-level observation being matched by the regression; 

s 'i(l!) = simulated water-level value that corresponds to ith observation (a function of b); 

ffisi = inverse of variance of water-level measurements for the lh observation. 

For the single data type inversions with gravity measurements, MODFLOW-2000 

and GCODE were used to compute the simulated gravity values based on the UCODE 

estimated parameters. The weighted least-squares objective function S(b) , used in 

UCODE for the inverse parameter estimation with one data type the gravity 

measurements assuming no prior information is: 

ND 2 

S(b) = Lw~~ [Ligi - Lig\ {Q)] (13) 
i =I 

where, 

b = vector containing values of each of the NP parameters being estimated; 

ND = total number of observations; 

Llgi = ith gravity observation being matched by the regression; 

Llg \@ = simulated gravity value which corresponds to i1
h observation ( a function of b ); 
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co L1g i = inverse of the variance of the gravity measurements for the lh observation. 

3.0 WEIGHTING SCHEME FOR INVERSE PARAMETER ESTIMATION WITH 

COMBINED DATA SETS 

To perform simultaneous inverse parameter estimation of Kand Sy using multiple 

data types (e.g. water-level and gravity observations), a weighting scheme had to be 

implemented in the objective function. The weighted least-squares objective function 

S(b), used in UCODE with both gravity and water-level measurements assuming no prior 

information is expressed as : 

~ 2 

S(b) = L ms/12 
[si - s'; (Q)J + aJ6gt [~g; - ~g'; (Q)] (14) 

i=l 

where, 

b = vector containing values of each of the NP parameters being estimated; 

ND = total number of observations; 

si = /h water-level observation being matched by the regression; 

s 'lf!J = simulated water-level value that corresponds to /h observation (a function of b); 

L'.lgi = ith gravity observation being matched by the regression; 

L'.lg 'lf!J = simulated gravity value which corresponds to ith observation ( a function of b ); 

COsi = inverse of variance of water-level measurement error for /h observation; 

co L1g i = inverse of variance of the gravity measurement error for the lh observation. 
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Tables 4 and 5 show the combinations of the measurement types and weights used for the 

parameter estimations using both well and gravity data sets. In the weighting scheme 

selected for this study, each measurement set is weighted by the inverse of the expected 

variance of the measurement error of that measurement type. The use of the variance of 

the expected measurement errors has been discussed by Hill [1998] . These weights have 

also been normalized by the smallest measurement error variance. This weighting 

scheme was intended to normalize the influence of the different units (µGals and m) of 

the gravity and water- level measurements on the estimated parameters while accounting 

for the uncertainties of different measurement types and the differences in ranges of 

measured responses. For example, the expected responses of the head measurements are 

in the lO's of meters while the gravity responses could be in the order of 1,000's of 

µGals ; if weighting was not used, the head changes would be insignificant compared to 

the gravity changes, thereby reducing the influence of head measurements in the 

mvers10n. 

Also in this weighting scheme, measurements with the highest accuracy are 

weighted the highest in the parameter estimations with two measurement types. That is, 

for example in the PW+IG weighting scheme the ideal gravimeter measurements are 

weighted higher in Equation 14 (objective function) than the pumping well measurements 

with the field errors. The weighting scheme PW+AG places almost equal weight on both 

the pumping well measurements with the field errors and the absolute gravimeter 

measurements sets but the weight of the absolute gravimeter measurements is slightly 

smaller than the pumping well measurement set with the field errors. Finally, in the 



weighting scheme PW+RG the relative gravimeter measurement set is weighted less 

heavily than the pumping well measurements with the field errors. 

Measurement 
Types and Pumping Well Gravimeter 
Weighting Weight Weight 

Scheme Label 
PW+RG 5 1500 
PW+AG 5 7.5 
PW+IG 5 1 

Table 4 Weighting schemes used for the inverse parameter estimation using pumping 
well and gravimeter observations sets. 
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Similarly, for the monitoring well the weighting scheme MW+IG weighted both 

the m6nitoring well with field errors and the absolute gravimeter measurements equally. 

For the MW+AG weighting scheme the monitoring well with field errors measurement 

set was weighted higher than the absolute gravimeter with field errors. Lastly, for the 

MW+RG the monitoring well with field errors measurement set was weighted even 

higher than the absolute gravimeter with field errors. 

Measurement 
Types and Monitoring Well Gravimeter 
Weighting Weight Weight 

Scheme Label r 

MW+RG 1 1500 
MW+AG 1 7.5 
MW+IG 1 1 

Table 5 Weighting schemes used for the inverse parameter estimation using monitoring 
well and gravimeter observations sets. 
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3.1 CALCULATING THE SIGNAL TO NOISE RATIOS 

The quality of a measurement can be described by the ratio of the signal (the 

change in measurement in response to a given change of interest) to the noise (all 

uncertainties that add to measurement error). The signal to noise ratio was computed for 

each measurement set using the calculated, noise-free response at the final measurement 

time and the standard deviation for each of the measurement error levels for each 

measurement type. Specifically, for the pumping well measurements the signal to noise 

ratio was computed by dividing the final water-level response at the pumping well by the 

expected standard deviation of pumping well measurements. Likewise, for the 

monitoring well, the final water-level response at the monitoring well was divided by the 

standard deviation of the expected standard deviation of the monitoring well 

measurements to compute the signal to noise ratio for the monitoring well. The signal to 

noise ratio for each gravimeter measurement set was calculated from the last gravity 

response for each gravimeter type for the gravimeter located at the pumping well and the 

standard deviation of the added measurement error to the gravimeter data set for each 

gravimeter type. That is, the signal to noise ratio for the relative gravimeter was 

calculated using the final relative gravimeter response at the gravimeter located at the 

pumping well and the expected standard deviation of the relative gravimeter 

measurements. 
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3.2 CREATION OF ERROR SURFACES 

A plot of the weighted least-squares objective function surface (Equation 11) can 

be used to infer the uniqueness of estimated parameters [ Hill, 1998]. Weighted least -

squared objective function surfaces are created by solving Equation 11 with parameter 

values that bracket a fixed parameter set. The weighted least-squared value, based on the 

correct and disturbed parameters, is then plotted as a function of the parameter values. If 

the weighted least -squared objective function surface has a well-defined local minimum 

centered on the correct parameters, it is more likely that the parameters can be identified 

uniquely with adequate data. If the weighted least-squared objective function surface 

has several minimum values or no distinct minimum, it is less likely that inversion will be 

successful. Finally, if the weighted least -squared objective function surface has a 

trending minimum; the parameters examined are correlated, leading to non unique 

parameter estimations. 

The weighted least -squared objective function surface can be generated using 

output produced by UCODE in forward mode. In this mode, UCODE does not estimate 

the parameters but only alters the parameters for each forward simulation over a user 

specified range. At the end of the simulation, the value of the weighted least -squared 

objective function for the particular parameter combination is reported. For this study, 

UCO DE was used to examine the likelihood of successful estimation of Kand the Sy 

based on head data and gravity data used independently or jointly. 
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4.0 COMPARISON BETWEEN THE POINT AND BLOCK GRAVITY RESPONSES 

One of the principle simplifications made in developing GCODE is that the 

gravity response due to mass change within a grid block can be calculated as a single 

point mass change at the center of mass of the mass change. The validity of this 

assumption is evaluated by comparing the results of simple test cases using GCODE to 

the results of a FORTRAN program that computes the gravitational field and the gravity 

gradient tensor of a well-defined solid mass [ Montana et al., 1992]. Specifically, 

Montana [1992] applies the equation presented by [Shuey and Pasquale, 1973] to 

calculate the gravitational field of a prism with its sides parallel to the coordinate axes 

and is expressed as: 

(15) 

G = universal gravitational constant, 

p = density, 

r = distance from the origin to a point within the subsurface density distribution 

ro= distance from the origin to an observation point P, 

g(ro) = component of the Earth's gravitational field in an arbitrary direction, 

Si = surface bounding the lh side of the subsurface density distribution (prism), 

n = unit vector outward normal to surface S, 

e = unit vector in an arbitrary direction. 
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For the Montana model and the GCODE point model test cases, the vertical 

gravitational responses were calculated at six surface-locations due to mass changes 

within one body with a constant density contrast and thickness. The top of the mass is 

located either 10 or 30 m below the ground surface. The six surface locations at which 

the gravity responses were computed were spaced 100 m apart with the first measurement 

location being directly above the dewatered body. The dimensions and density contrast 

of the body and the surface locations were representative of monitoring locations and 

dewatering scenarios used in the inverse parameter estimation. The thickness of the mass 

was selected to be 10 m, which is comparable to some of the observed draw downs in the 

forward ground- water model. The length and width of the mass was 100 m by 100 m, 

which are the same dimensions as the cell blocks in the forward ground-water flow 

model. Therefore, the object represents one single dewatered block for a single 

observation time. 

To further evaluate the adequacy of the point model assumption, the dewatered 

body was divided into smaller bodies. The subdivision for which the gravity response 

was computed using the GCODE model are shown in Figure 3. The locations of the 

centers of mass for each orientation are shown in Figure 4. The first orientation of the 

mass (GCODE P) is the single point mass approach and is the method used in this study. 

The second orientation involved dividing the solid mass into five equal masses oriented 

horizontally and is referred to as GCODE 5H. The third mass orientation (GCODE 5V) 

is similar to GCODE 5H; however, the mass is divided vertically with five equal sized 

masses. Lastly, the single mass was divided into 100 smaller masses with equal length 
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and width and thickness. The Montana model was applied only to the single body ( as for 

GCODE P), as this formulation accounts for the mass distribution within the body. 

As expected, the gravity response decreased with increased vertical depth and 

increased lateral distances from the observation location for all models (Figures 5 and 6). 

The GCODE P, GCODE 5H and GCODE 5V models significantly overestimated the 

gravity response for bodies directly beneath the observation location. The 

overestimations were greater for shallower bodies. The overestimations were small for 

all other observation locations. The GCODE 5H results were closer to the Montana 

results than the GCODE 5V results because this subdivision accounts for some variation 

in vertical distance to mass units within the body. The GCODE 100 model was in good 

agreement with the Montana results. These results indicate that GCODE P could be used 

with confidence for all observation locations except for those very near the pumping well. 

This is advantageous because the point mass approach is far more computationally 

efficient than the more complete Montana model. Furthermore, in reality, it would be 

difficult to make meaningful gravity measurement within 100 m of an operating 

municipal supply well. However, if there was interest in computing the response of a 

gravimeter at the well, each dewatered cell could be divided into horizontal layers, as was 

done in GCODE SH, to give acceptable results. Ultimately, the choice of gravity model 

depends on a balance of the accuracy needed and the computational effort required. 

The error introduced by the point mass assumption in GCODE P could impact the 

quality of inversions if actual measurements were used. However, the approach used in 

this study eliminates the impacts of these model structural errors in interpretations 
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because the same model is used to produce the synthetic gravimeter responses and to 

interpret those responses. It should be noted, however, that because of the overestimation 

of the gravity response by GCODE, it is likely that actual gravimeter performance will be 

less reliable for any given aquifer/pumping condition than is shown in this thesis. 

GCODE P GCODESH GCODESV GCODE 100 

T 
10m 

l 
I +--1 OOm -+ I I +--1oom-+ I l+--1oom-+I l+--1oom -+I 

FIGURE NOT TO SCALE 

Figure 3 The different mass configurations for which the gravity responses were 
computed using the GCODE model. 
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Figure 4 The locations of the centers of mass for each mass configuration for which the 
gravity response were computed using the GCODE model. 
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Figure 5 The gravity response computed with the GCODE and Montana models 
computed from a distance of 10 meters above the mass. 
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Figure 6 The gravity response computed with the GCODE and Montana models 
computed from a distance of 30 meters above the mass. 
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5.0 INTRODUCTION TO RESULTS 

The impacts of the five aquifer properties/conditions (hydraulic conductivity K, 

specific yield Sy, pumping rate Q, aquifer thickness b, and initial depth of the water table 

z) on error of the estimated K and Sy values will be presented and discussed in this 

section. The results of the parameter estimations and their corresponding signal to noise 

ratios are presented first. The large number of combinations of observations and 

hydraulic properties/conditions used to estimate the Kand Sy values make data 

presentation difficult. To aide in interpretation and presentation, the results of the Kand 

Sy estimations are organized by the five different aquifer properties/ conditions and 

measurement error types. The parameter estimation results using the well observation 

sets are presented first followed by the parameter estimation results with the gravity 

observation sets. Lastly, the parameter estimation results with the combined water-level 

and gravity data sets are presented. Scatter plots are used to show any improvements in 

the estimated Kand Sy parameters using water-level and gravity observations compared 

to estimated Kand Sy parameters using the water level measurements alone. Weighted 

least- squared objective function surfaces are computed using water-level and/or gravity 

observation sets for select aquifers to show the impacts of adding gravity to head 

measurements for parameter identification. 



5.1 SIGNAL TO NOISE RATIOS AND PERCENT ERROR OF KAND SY 

ESTIMATES 

In this study, there are two different signals: head change and gravity change. 
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The performances of head and gravity observations for parameter estimation are analyzed 

initially with respect to their signal to noise ratios. Specifically, the likely effects of 

changes of each parameter on the head and gravity signals are predicted. This expected 

signal is compared to the noise level. The signals of the water level and gravimeter 

observation sets with and without noise are shown in Figures 7 though 9. It is expected 

that head and gravity observation sets with high signal to noise ratios would lead to 

parameter estimates with low errors and head and gravity measurements with low signal 

to noise ratios would lead to estimates with high errors. For those cases that are not 

consistent with this expectation, the impacts of the sample volume and distributed 

sensitivity of the measurement types are considered as well. 
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Figure 7 The test and field errors added to the pumping well observations. The solid 
black line represents the error free observations. The blue squares are field errors and the 
pink triangles are test errors. 
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Figure 8 The test and field errors added to the monitoring well observations. The solid 
black line represents the error free observations. The blue squares are field errors and the 
pink triangles are test errors. 
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TIME, IN MONTHS 

Figure 9 The errors representative of the relative, absolute, and ideal gravimeter errors. 
The solid black line represents the error free gravimeter observations. The blue squares 
are the relative gravimeter errors and the pink triangles are the ideal gravimeter errors. 
The turquoise diamonds are the absolute gravimeter errors. 

The pumping and observation well observation sets with test errors showed a 

strong correlation between the signal to noise ratio and the K estimation error (Figures 10 

and 11 ). The well observation sets with the field errors did not show a strong correlation 

between K estimation error and signal to noise ratios. For the Sy parameter estimations 

the monitoring well observation sets with field and test errors showed a very clear 

correlation for the Sy estimates and the signal to noise ratios. 

For the gravity observation sets the error in the Kand Sy estimates generally 

decreased with increasing signal to noise ratios. The signal to noise ratios for the ideal 
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and absolute gravimeter observation sets appeared to have similar relations between the 

signal to noise ratios and the error in the Kand Sy estimates (Figures 10 and 11 ). The 

relative gravimeter observation sets were characterized by lower signal to noise ratios and 

K and Sy parameter estimates with larger errors. 

For a given measurement type and error level, the prediction error generally 

decreases with increasing signal to noise (Figures 10 and 11 ). There is a general decrease 

in prediction error with increased signal to noise ratio. But, the exact relationship 

between prediction error and signal to noise ratio depends on the measurement type. For 

gravity measurements, the same signal to noise ratio can lead to very different estimation 

errors. Specifically, the K estimates based on measurements made with an ideal 

gravimeter are less accurate than those made with a relative gravimeter at the same signal 

to noise ratio. This may suggest that the gravity results are more sensitive to the 

magnitude of the signal than to the magnitude of the noise. As a result, a simple ratio of 

the two values does not estimate the prediction error accurately. For the Sy analysis, the 

signal to noise ratio appears to have a consistent relationship with the estimation error for 

all error levels. 



10000.00 

u, 1000.00 w 
~ 
:::E 
j:: 

"' w 
~ 

~ 
a: 
0 a: 
a: 
w 
1-z 
w 
0 a: 
w 
Q. 

100.00 

10.00 

1.00 

0.10 

0.01 

0.00 

• • 
• 

• 
• 

SIGNAL TO NOISE RATIO 

MEASUREMENT TYPE 

• Relati'A3 Gra"1ty 

Absolute Gra"1ty 

... Ideal G ra'Aty 

10 00 x Pumping Well+ FE 

~ Monitoring Well+ FE I 

• Pumping Well+ TE 

I + Monitoring Well + TE [ 

46 

Figure 10 The percent error of the K estimations versus the signal to noise ratio for wells 
with field errors (FE) or test errors (TE) and gravimeters. 
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Figure 11 The percent error of Sy predictions versus the signal to noise ratio for wells 
with field errors (FE) or test errors (TE) and gravimeters. 
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5.2 EFFECTS OF PUMPING 

Increasing the pumping rate will increase the drawdown in an unconfined aquifer, 

all other conditions being held constant. This will cause a larger gravity response due to 

the greater removal of water mass for a given pumping time. We assume that the added 

measurement errors are independent of the pumping rate. Hence, the signal to noise 

ratios of the pumping and monitoring well observation sets should be higher for higher 

pumping rates, leading to estimates of Kand Sy with the smaller errors. Similarly, for a 

given pumping rate, it is expected that the measurements with smaller errors (i.e. test

condition wells and ideal gravimeters) will lead to K and Sy estimates with the smaller 

errors; the observation sets with large errors (i.e. field-condition wells and relative 

gravimeters) will produce Kand Sy estimates with larger errors. 

5.2.1 PUMPING AND MONITORING WELL CASES 

For a given pumping rate, test errors led to more K estimates within 10% of the 

correct value than the field errors (Table 6). For a given pumping rate and well type, 

smaller errors improved the K estimation accuracy. However, the dependence of the K 

estimation accuracy on pumping rate is less clear (Tables 6 and 7). For a given 

measurement error, higher pumping rates only led to more accurate K estimations for the 

pumping and monitoring wells with test errors. This result may be due to the fact that 

these conditions give rise to an increase in the signal to noise ratio from moderately low 

to moderately high. In contrast, the monitoring well with field errors has a low signal to 

noise ratio for both pumping rates, leading to poor estimations. Results for Sy suggest 



that the signal to noise ratio for the wells with field errors was too low for accurate 

parameter estimation as no Sy value was estimated with error less than 10 % (Table 7). 

Higher pumping rates only led to more accurate Sy estimations for the pumping and 

monitoring wells with test errors. 

48 
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Hiah Q Values Low QValues 
Signal To Signal To 

Total Noise Ratio Noise Ratio 
Measurement Total Ranae Cases Cases With Ranae Cases With Type and Errors 

With Estimates of K with Cases with Cases Estimates of K with Cases with 
Applied 

High Q Errors <10% Errors With Low Errors <10% Errors 

Values <10% QValues <10% 

All Cases All Cases 

Pumping Well (2 - 37) 
8 3 

(1 - 5) 
6 5 With Field Errors (2 - 37) (0 - 6) 

Pumping Well (42 - 625) 
8 8 

(7 - 109) 
6 6 With Test Errors (42 - 625) (7 - 109) 

Monitoring Well 
(2 - 4) 

8 2 
(1 - 2) 

6 2 
With Field Errors (2 - 13) (0 - 4) 

Monitoring Well 
(47- 329) (14 - 106) 

6 6 8 6 
With Test Errors ( 47- 329) (6-106) 

Table 6. Signal to noise ratios and the percent errors of K for high and low pumping rates 
using the pumping and monitoring wells. The signal to noise ratios are shown for the 
estimations of K with errors less than 10% and for all cases with high or low pumping 
rates. 

High Q Values Low QValues 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 
Type and Errors Cases Estimates of Range Cases Estimates of Range 

Applied With High Sy with Errors Cases with With Low Sy with Errors Cases with 
QValues <50% Errors <10% QValues <50% Errors <10% 

All Cases All Cases 

Pumping Well 
6 2 

(5- 37) 
8 4 

(0 - 5) 
With Field Errors (2 - 37) (0 - 6) 

Pumping Well 
6 6 

(42_ 625) 
8 3 

(7 - 109) 
With Test Errors (42- 625) (7 - 109) 

Monitoring Well 6 4 
(4 - 13) NA 

8 0 
With Field Errors (2 - 13) (0- 4) 

Monitoring Well 6 6 
(47- 329) 

8 7 
(6 - 109) 

With Test Errors ( 47- 329) (6-109) 

Table 7 Signal to noise ratios and the percent errors of Sy for high and low pumping rates 
using the pumping and monitoring wells. The signal to noise ratios are shown for the 
estimations of Sy with errors less than 10% and for all cases with high or low pumping 
rates. 
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5.2.2 GRAVIMETER CASES 

For a given gravimeter accuracy, there is a consistent decrease in prediction 

accuracy with a decrease in pumping rate. For a given pumping rate, the number of 

estimates of Kor Sy with errors less than 10 percent increased with increasing gravimeter 

accuracy (Tables 8 and 9). As expected, gravimeter observation sets with higher signal to 

noise ratios were measured in aquifers with higher pumping rates. In aquifers with low 

pumping rates, there was a consistent improvement in the Sy estimations with gravimeter 

accuracy (Table 9). 

Hi!lh Q Values Low QValues 
Signal To Signal To 

Total Noise Ratio Total Cases With Noise Ratio 
Measurement Type Cases 

Cases With Ranae Cases Estimates of K RanQe 

With High 
Estimates of Cases with With Low with Errors Cases with 

QValues Kwith <10% Errors <10% QValues <10% Errors <10% 

All Cases All Cases 

Relative Gravimeter 12 7 
(6 - 92) 

16 3 
(11 - 50) 

(1 - 92) (0 - 50) 

Absolute Gravimeter 12 7 
(163 - 1341) 

16 3 
(187 - 728) 

(13 - 1341) (2 - 728) 

Ideal Gravimeter 12 8 
(199 - 3675) 

16 5 
(6 - 1995) 

(35 - 3675) (6 - 1995) 

Table 8. Signal to noise ratios and the percent errors of K for high and low pumping rates 
using the gravimeter observation sets. The signal to noise ratios are shown for the 
estimations of K with errors less than 10% and for all cases with high or low pumping 
rates. 
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HiQh Q Values Low QValues 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement Type Cases Estimates of Range Cases Estimates of Range 

With High Sy with Errors Cases with With Low Sy with Errors Cases with 

QValues <10% Errors <10% QValues <10% Errors <10% 

All Cases All Cases 

Relative Gravimeter 12 6 
(20 - 92) 

16 3 
{11 - 50) 

(1 - 92) (0 - 50) 

Absolute Gravimeter 12 6 
(163 - 1244) 

16 4 
(79 - 728) 

(13 - 1341) (2 - 728) 

Ideal Gravimeter 12 7 
(199 - 3408) 

16 5 
(171 - 1995) 

(35 - 3675) (6 - 1995) 

Table 9. Signal to noise ratios and the percent errors of K for high and low pumping rates 
using the gravimeter observation sets. The signal to noise ratios are shown for the 
estimations of Sy with errors less than 10% and for all cases with high or low pumping 
rates. 

5.3 EFFECTS OF Sy 

The specific yield of an unconfined aquifer is defined as the volume of water that 

is released from the aquifer per unit drop in water-table elevation per unit area. It is 

assumed in this study that Sy primarily affects the volume of a drawdown cone, while the 

hydraulic conductivity and thickness has a greater impact on the shape of the cone. The 

drawdown cone in an aquifer with a high Sy will have a smaller volume than the cone in 

an aquifer with the low Sy, all other things being equal. It is expected that aquifers with a 

low Sy will have a larger signal to noise ratio for the well measurements because there 

will be a larger change in the water-level at every measurement time and location 

compared with aquifers with a high Sy. For the gravimeter measurements, the largest 

signal to noise ratio will be from the aquifers with a high Sy value because this condition 

leads to larger water content changes (larger density changes) that are located closer to 

the gravimeter (shallower) compared to an aquifer with a low Sy value. The exception in 
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this case is that a higher Sy will lead to a small lateral extent of the cone at a given time; 

this could lead to a lower signal to noise ratio for gravimeters placed farther from the 

pumping well compared to the signal that would be measured with these gravimeters 

under higher Sy conditions. 

5.3.1 PUMPING AND MONITORING WELL CASES 

For a given Sy and well type, decreased errors generally led to improvements in 

the K estimation accuracy (Table 10). That is, the well observation sets with test errors 

led to more K estimates within 10% of the correct value than well observation sets with 

field errors. Based on the monitoring well observation sets with field errors, no K values 

were estimated with errors less than 10 percent error under high Sy conditions (Table 10). 

Changing Sy values had no impact on the number of K predictions with less than 10 

percent error for test error conditions (Table 10). For well observation sets with field 

errors, lower Sy conditions increased the prediction accuracy for monitoring wells but 

decreased the accuracy for pumping wells (Table 10). No Sy estimates contained errors 

less than 10 percent using the well observation sets with field errors (Table 11 ). However, 

the dependence of the number of Sy estimates with errors less than 50 percent showed 

patterns similar to those shown for K estimates less than 10 percent. That is, lower 

measurement errors generally led to either better estimates or no change in the estimation 

accuracy. Lower Sy values led to fewer successful predictions using pumping well data; 

prediction success was higher for lower Sy values using monitoring well data. 
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High Sy Values Low Sv Values 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 
Type and Errors Cases Estimates of K Range Cases Estimates of K Ranae 

Applied With High with Errors Cases with With Low with Errors Cases with 

Sy Values <10% <10% Sy Values <10% Errors <10% 

All Cases All Cases 

Pumping Well (1 - 37) 
7 2 

(2 - 5) 
7 6 

With Field Errors (0 - 37) (0 - 19) 

Pumping Well (7- 625) 
7 7 

(8- 320) 
7 7 

With Test Errors (7- 625) (8 - 320) 

Monitoring Well NA (1 - 4) 
7 0 7 4 

With Field Errors (0 - 11) (0 - 13) 

Monitoring Well (14 - 281) (16- 329) 
7 6 7 6 With Test Errors (6-281) ( 7- 329) 

Table 10 Signal to noise ratios and the percent errors of K for high and low Sy values 
using the well observation sets. The signal to noise ratios are shown for the estimations of 
K with errors less than 10% and for all cases with high or low Sy values. 

High Sy Values Low Sv Values 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 
Type and Errors Cases Estimates of Ranae Cases Estimates of Ranae 

Applied With Low Sy with Errors Cases with With Low Sy with Errors Cases with 
Sy Values <50% Errors <10% Sy Values <50% Errors <10% 

All Cases All Cases 

Pumping Well (0 - 37) 5 
7 5 7 1 With Field Errors (0- 37) (0 - 19) 

Pumping Well 
7 5 

{48- 625) 
7 5 

(16- 320) 
With Test Errors (7- 625) (8- 320) 

Monitoring Well 
7 2 

(8 - 11) 
7 2 

(4-13) 
With Field Errors (0 - 11) (0 - 13) 

Monitoring Well 
7 5 

(39 -281) 
7 6 

(16- 329) 
With Test Errors ( 6- 329) ( 7- 329) 

Table 11 Signal to noise ratios and the percent errors of Sy for high and low Sy values 
using the well observations sets. The signal to noise ratios are shown for the estimations 
of Sy with errors less than 10% and for all cases with high or low Sy values. 
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5.3.2 GRAVIMETER CASES 

As expected, gravimeter observation sets with high signal to noise ratios were 

obtained from the aquifers with high Sy values (Tables 12 and 13). There was a 

consistent improvement in the accuracy of the K estimates with increased gravimeter 

accuracy under low Sy conditions. However, the overall performance of the gravity data 

was lower for the low Sy conditions. This is consistent with expectations based on the 

relatively low signal to noise for low Sy conditions. In contrast, the errors in the 

estimated values of K were similar for all gravimeter types under high Sy conditions. 

Hiah Sv Values Low Sy Values 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement Type Cases Estimates of K Ranae Cases Estimates of K Ranae 

With High with Errors Cases with With Low with Errors Cases with 
Sy Values <10% Errors <10% Sy Values <10% Errors <10% 

All Cases All Cases 

Relative Gravimeter 14 8 
(11 - 92) 

14 2 
(6 - 20) 

(0 - 92) (0- 20) 

Absolute Gravimeter 14 7 
(274 - 1341) 

14 3 
(163 - 288) 

(2 - 1341) (2 - 298) 

Ideal Gravimeter 14 8 
(171 - 3675) 

14 5 
(199 - 817) 

(6 - 3675) (7 - 817) 

Table 12. Signal to noise ratios and the percent errors of K for high and low Sy values 
using the gravity observation sets. The signal to noise ratios are shown for the 
estimations of K with errors less than 10% and for all cases with high or low Sy values. 
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Hiah Sv Values Low Sy Values 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement Type Cases Estimates of Range Cases Estimates of Range 

With High Sy with Errors Cases with With Low Sy with Errors Cases with 
Sy Values <10% Errors <10% Sy Values <10% Errors <10% 

All Cases All Cases 

Relative Gravimeter 14 8 
(11 - 92) 

14 1 
(20) 

(0 - 92) (0 - 20) 

Absolute Gravimeter 14 7 
(79 - 1244) 

14 3 
(163 - 288) 

(2 - 1341) (2 - 298) 

Ideal Gravimeter 14 7 
(171-3408) 

14 5 
(199 - 817) 

(6 - 3675) (7 - 817) 

Table 13 Signal to noise ratios and the percent errors of Sy for high and low Sy values 
using the gravity observation sets. The signal to noise ratios are shown for the 
estimations of Sy with errors less than 10% and for all cases with high or low Sy values. 

5.4 EFFECTS OF K 

The K of an unconfined aquifer affects the steepness of the cone of depression at 

the pumping well. The head gradient near the pumping well will be steeper in an aquifer 

having a low K than the head gradient near the pumping well in an aquifer having a high 

K, all other things being equal. It is expected that aquifers with a low K will have a larger 

signal to noise ratios for the well observation sets because there will be a larger change in 

the water-level at every measurement time and location compared with aquifers with a 

high K value. For the gravimeter observation sets, it is expected that the largest signal to 

noise ratios will be from the aquifers with a low K value because this condition leads to 

larger water content changes that are located closer to the gravimeter compared to an 

aquifer with a high K value. That is, under high K conditions the gradient near the 

pumping well (and throughout the aquifer) will be relatively shallow, leading to a 
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laterally extensive cone with a relatively low gravity response. On the other hand, if K is 

very low, the drawdown at the well will be very large, and the dewatered mass will be 

located farther from the gravimeter (deeper). In general, it is expected that well and 

gravimeter observation sets in low K conditions will estimate the parameters Kand Sy 

with the least error. 

5.4.1 PUMPING AND MONITORING WELL CASES 

For a given K value and well type, field errors led to larger estimation errors than 

test errors (Table 14). The pumping wells with test errors estimated K values with errors 

less than 10 percent of the correct value for aquifers with high or low K conditions. For a 

given K value, the pumping well observation sets with field errors led to better estimates 

than the monitoring well with field errors. Changing the K values had no impact on the 

number of K predictions with less than 10 percent error for pumping wells with test 

errors. Changing the K values did effect the monitoring well with test errors under the 

high K conditions and led to fewer K predictions with errors less than 10 percent. For 

field errors, lower K values increased the prediction accuracy for the pumping wells but 

the monitoring well showed no improvement. The pumping and monitoring wells with 

field errors led to no Sy estimations with errors less than 10 percent (Table 15). The Sy 

estimations with errors less than 10 percent from the pumping wells with test errors did 

not change with high or low K values. However, the monitoring wells with test errors led 

to Sy estimates with lower errors in the low K conditions. Higher K values led to more 
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successful predictions using pumping well data; prediction success was slightly higher 

for lower K values using the monitoring well data. 

Hiah K Values Low KValues 
Signal To Signal To 

Noise Ratio Noise Ratio 
Measurement Cases With Ranae Cases With Ranae 

Type and Errors Total Cases Total Cases 
With High K Estimates of K Cases with With Low K Estimates of K Cases with Applied 

Values 
with Errors Errors Values with Errors <10% Errors 

<10% <10% <10% 

All Cases All Cases 

Pumping Well (2 - 16) 
7 5 

(1 - 37) 
7 3 With Field Errors (0 - 19) (1 - 37) 

Pumping Well 
7 7 

(7- 320) 
7 7 

(15 - 625) 
With Test Errors (7- 320) (15- 625) 

Monitoring Well 7 2 
(2) 

7 2 
(1 - 4) 

With Field Errors (0 - 13) (1 - 11) 

Monitoring Well 
(39- 329) (14 - 281) 

7 5 7 7 
With Test Errors ( 6- 329) ( 14 - 281) 

Table 14 Signal to noise ratios and the percent errors of K for high and low K values 
using the well observation sets. The signal to noise ratios are shown for the estimations 
of K with errors less than 10% and for all cases with high or low K values .. 

Hioh K Values Low KValues 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 
Type and Errors Cases Estimates of Range Cases Estimates of Ranoe 

Applied With High Sy with Errors Cases with With Low Sy with Errors Cases with 
KValues <50% Errors <10% KValues <50% Errors <10% 

All Cases All Cases 

Pumping Well 
7 2 

(0 - 3) 
7 4 

(1 - 37) 
With Field Errors (0 - 19) (1 - 37) 

Pumping Well 
7 7 

(7- 320) 
7 7 

(15- 625) 
With Test Errors (7-320) (15 - 625) 

Monitoring Well 7 2 
(8- 13) 

7 2 
(4 - 11) 

With Field Errors (0 - 13) (1 - 11) 

Monitoring Well 7 5 
(39 - 329) 

7 6 
(16 - 281) 

With Test Errors ( 6- 329) (14-281) 

Table 15 Signal to noise ratios and the percent errors of Sy for high and low K values 
using the well observation sets. The signal to noise ratios are shown for the estimations 
of Sy with errors less than 10% and for all cases with high or low K values. 
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5.4.2 GRAVITY CASES 

As expected, aquifers with low K values resulted in gravimeter observation sets 

with high signal to noise ratios. There was a consistent improvement in the accuracy of 

the Kand Sy estimates with increased gravimeter accuracy under high K conditions 

(Tables 16 and 17). For low K conditions, the performance of the gravity data was higher 

and consistent with our expectations of the higher signal to noise ratios. The overall 

performance of gravity did not show that gravimeters all perform equally well in high or 

low K conditions. The gravimeters show a larger overlap in the ranges of signal to noise 

ratios, suggesting that the K value may not have a strong impact on the gravity data 

performance. 

HiQh K Values Low KValues 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement Type Cases Estimates of K Ranae Cases Estimates of K Ranae 

With High with Errors Cases with With Low with Errors Cases with 
KValues <10% Errors <10% KValues <10% Errors <10% 

All Cases All Cases 

Relative Gravimeter 14 5 
(6- 85) 

14 5 
(11 - 92) 

(0-85) (0-92) 

Absolute Gravimeter 14 4 
(274- 1244) 

14 6 
(163-1341) 

(2-1244) (5-1341) 

Ideal Gravimeter 14 7 
(171 -3408) 

14 6 
(445-3675) 

(6-3408) (14-3675) 

Table 16 Signal to noise ratios and the percent errors of K for high and low K values 
using the gravimeter observation sets. The signal to noise ratios are shown for the 
estimations of K with errors less than 10% and for all cases with high or low K values. 
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Hiah KValues Low KValues 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement Type Cases Estimates of Range Cases Estimates of Range 

With High Sy with Errors Cases with With Low Sy with Errors Cases with 

KValues <10% Errors <10% KValues <10% Errors <10% 

All Cases All Cases 

Relative Gravimeter 14 3 
(19- 85) 

14 5 
(11 - 50) 

(0- 85) (0- 92) 

Absolute Gravimeter 14 5 
(79-1244) 

14 5 
(163 - 728) 

(2- 1244) (5-1341) 

Ideal Gravimeter 14 7 
(171 -3408) 

14 5 
(445- 1995) 

(6-3408) (14- 3675) 

Table 17 Signal to noise ratios and the percent errors of Sy for high and low K values 
using the gravimeter observation sets. The signal to noise ratios are shown for the 
estimations of Sy with errors less than 10% and for all cases with high or low K values. 

5.5 EFFECTS OF AQUIFER THICKNESS 

The saturated thickness of an unconfined aquifer impacts the shape of the cone of 

depression in a manner similar to that of changes in K, as described in the previous 

section. Specifically, it is the transmissivity, defined as the product of the saturated 

thickness (b) and the hydraulic conductivity (K), which controls the steepness of the cone 

at the pumping well. An unconfined aquifer with a thin saturated thickness will have a 

lower transmissivity value causing the cone of depression of the aquifer to have a steep 

head gradient near the well to produce water at the given pumping rate. This type of cone 

of depression will result in a high gravity response near the pumping well because the 

largest change in density is focused near the pumped well. Conversely, an aquifer with a 

higher transmissivity value will have a cone of depression with a smaller head gradient 

and the gravity response will be smaller because the change in density is more spread out 
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laterally. It is expected that the thin aquifers will produce well and gravimeter 

measurements with higher signal to noise ratios and lead to better parameter estimations. 

5.5.1 PUMPING AND MONITORING WELL CASES 

For a given aquifer thickness and well type, decreased errors led to improvements 

in the K estimation accuracy (Table 18). Aquifer thickness had no impact on the number 

of K predictions with less than 10 percent error for the pumping well with test errors 

(Table 18). The prediction accuracy of the monitoring well with test errors decreased in 

the thick aquifers. Results from the estimations using the pumping and monitoring wells 

containing field errors show good estimations despite the lower signal to noise ratios. 

The wells with test errors are characterized by higher signal to noise ratios estimated K 

with the least error in the thin aquifers and was consistent with our expectations. The 

results of the Sy estimations from the wells with field errors contained larger errors as 

seen in Table 19. The estimates of Sy with the least error were estimated from the wells 

with the test errors characterized by high signal to noise ratios (Table 19). 
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High b Values Low b Values 

Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 

Type and Errors Cases Estimates of K Range Cases Estimates of K Range 

Applied With High with Errors Cases With With Low with Errors Cases With 

b Values <10% <10% b Values <10% Errors <10% 

All Cases All Cases 

Pumping Well (1 - 5) 
4 

(3 - 37) 
7 4 7 

With Field Errors (0 - 5) (3 - 37) 

Pumping Well 7 7 
(7- 88) 

7 7 
(48 - 625) 

With Test Errors (7- 88) (48- 625) 

Monitoring Well (1 - 4) 
7 1 

(2) 
7 3 

With Field Errors (0 - 4) (2 - 13) 

Monitoring Well (14 - 104) (39- 329) 
7 5 7 7 

With Test Errors ( 6 - 104) ( 39- 329) 

Table 18 Signal to noise ratios and the percent errors of K for high and low b values using 
the well observation sets. The signal to noise ratios are shown for the estimations of K 
with errors less than 10% and for all cases with high or low b values. 

Hioh b Values Low b Values 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 
Type and Errors Cases Estimates of Ranqe Cases Estimates of Range 

Applied With High Sy with Errors Cases With With Low Sy with Errors Cases With 
b Values <50% Errors <10% b Values <50% Errors <10% 

All Cases All Cases 

Pumping Well 
7 3 

(0 -5) 
7 3 

(3 - 37) 

With Field Errors (0 - 5) (3 - 37) 

Pumping Well 
7 7 

(7- 88) 
7 7 

(48 - 625) 
With Test Errors (7- 88) (48 - 625) 

Monitoring Well 
7 1 

(4) 
7 3 

(8 - 13) 
With Field Errors (0 - 4) (2 - 13) 

Monitoring Well 
7 6 

(6 - 104) 
7 7 

(39- 329) 
With Test Errors (6-104) ( 39 - 329) 

Table 19 Signal to noise ratios and the percent errors of Sy for high and low b values 
using the well observation sets. The signal to noise ratios are shown for the estimations 
of K with errors less than 10% and for all cases with high or low b values. 
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5.5.2 GRAVIMETER CASES 

The gravimeter observation sets from the thin aquifers led to the highest signal to 

noise ratios (Tables 20 and 21). There was a consistent improvement in the K estimates 

with increased gravimeter accuracy in the thin aquifers (Table 20). While in thick 

aquifers the gravimeter observation sets regardless of their accuracy estimated K poorly. 

The Kand Sy estimates in the thick aquifers led to estimations with larger errors and the 

measurements were characterized by lower signal to noise ratios. The Sy estimations 

were similar, as the errors in the estimates were reduced in the thin aquifers and were 

characterized by large signal to noise errors. The overall performance of the gravity data 

was lower for the thick aquifers. This is consistent with our expectations based on the 

relatively low signal to noise ratios for the thick aquifer conditions. 

High b Values Low bValues 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 

Type Cases Estimates of K Ranae Cases Estimates of K Range 

With High with Errors Cases With With Low with Errors Cases With 

bValues <10% Errors <10% bValues <10% Errors <10% 

All Cases All Cases 

Relative 
14 3 

(6 - 47) 
14 7 

(20 - 92) 

Gravimeter (0 - 47) (1 - 92) 

Absolute 
14 2 

(163 - 689) 
14 8 

(187 - 1341) 
Gravimeter (2 - 689) (16 - 1341) 

Ideal Gravimeter 14 2 
(445 - 1889) 

14 11 
(171 - 3675) 

(6 - 1889) (45- 3675) 

Table 20 Signal to noise ratios and the percent errors of K for high and low b values using 
the gravity observation sets. The signal to noise ratios are shown for the estimations of K 
with errors less than 10% and for all cases with high or low b values. 



63 

Hiah b Values Low bValues 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement 

Type Cases Estimates of Range Cases Estimates of Range 

Cases With With Low Sy with Errors Cases With With High Sy with Errors 
bValues <10% Errors <10% bValues <10% Errors <10% 

All Cases All Cases 

Relative (11 - 47) 
14 7 

(20 - 92) 
14 2 

Gravimeter (0 - 47) (1 - 92) 

Absolute 
14 3 

(79 - 689) 
14 7 

(187 - 1244) 
Gravimeter (2 - 689) (16 - 1341) 

Ideal Gravimeter 14 2 
(445 - 1889) 

14 10 
(171 - 3408) 

(6 - 1889) (45 - 3675) 

Table 21 Signal to noise ratios and the percent errors of Sy for high and low b values 
using the gravity observation sets. The signal to noise ratios are shown for the 
estimations of Sy with errors less than 10% and for all cases with high or low b values. 

5.6 EFFECTS OF DEPTH TO WATER TABLE 

Only the gravity observations sets are sensitive to the initial depth to the water 

table (z). The Kand Sy estimates from the wells are insensitive to the initial water-table 

depth. It is expected that the gravimeter observations sets from shallow water tables will 

have larger signal to noise ratios because the changes in mass occur closer to the 

gravimeter. Gravimeter observations sets from the deep water tables will have lower 

signal to noise ratios because the distance to the gravimeter and the change in mass is the 

largest. 
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5.6.1 ORA VIMETER CASES 

As expected, the gravimeter observation sets with high signal to noise ratios were 

obtained from the shallow aquifers (Tables 22 and 23). For a given initial depth to water, 

there was a slight improvement in the accuracy of the of the Kand Sy estimates with the 

increased gravimeter accuracy. The overall performance of the gravimeter observation 

sets was higher in the shallow aquifers and was consistent with our expectations. For a 

given depth to water, the gravity estimations of both Kand Sy were similar despite the 

different gravimeter accuracies. These results suggest that quality of the gravity 

estimations are heavily influenced by the depth of the water table. The results also show 

that the accuracy of the gravimeters is comparable to the accuracy of a pumping well 

with field errors for shallow aquifers for the conditions modeled (Table 24). Cases with 

all properties/conditions constant except depth to water-table elevation led to better 

predictions in the shallow aquifers. The Sy results were similar, in that the gravimeter 

measurements from shallow aquifers led to estimates of Sy with the least error. The 

overall performance of the gravimeter data was higher in the shallow aquifers and was 

consistent with our expectations. 
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High z Values Low zValues 
Signal To Signal To 

Total Cases With Noise Ratio Total Cases With Noise Ratio 
Measurement 

Type Cases Estimates of K Range Cases Estimates of K Range 

With High with Errors Cases with With Low with Errors Cases with 

zValues <10% Errors <10% zValues <10% Errors <10% 

All Cases All Cases 

Relative (19 - 31) 
14 8 

(6 - 92) 

Gravimeter 
14 2 

(0 - 31) (1 - 92) 

Absolute 
14 2 

(272 - 448) 
14 8 

(163 - 1341) 
Gravimeter (2 - 448) (19 - 1341) 

Ideal Gravimeter 14 4 
(171 - 1228) 

14 9 
(312 - 3675) 

(6 - 1228) (52 - 3675) 

Table 22 Signal to noise ratios and the percent errors of K for high and low z values using 
the gravity observation sets. The signal to noise ratios are shown for the estimations of K 
with errors less than 10% and for all cases with high or low z values. 

High z Values Low z Values 
Signal To Signal To 

Measurement Total Cases With Noise Ratio Total Cases With Noise Ratio 

Type Cases Estimates of Range Cases Estimates of Range 

With High Sy with Errors Cases with With Low Sy with Errors Cases with 
zValues <10% Errors <10% z Values <10% Errors <10% 

All Cases All Cases 

Relative 
14 2 

(19-31) 
14 7 

(11 - 92) 
Gravimeter 

(0 - 31) (1 - 92) 

Absolute 
14 2 

(272 - 448) 
14 8 

(79 - 1244) 
Gravimeter 

(2 - 448) (19 - 1341) 

Ideal Gravimeter 14 4 
(171 - 1228) 

14 8 
(312 - 3408) 

(6-1228) (52 - 3675) 

Table 23 Signal to noise ratios and the percent errors of Sy for high and low z values 
using the gravity observation sets. The signal to noise ratios are shown for the 
estimations of Sy with errors less than 10% and for all cases with high or low z values. 

Measurement Type and Cases With Estimates of K Cases With Estimates of 

Errors Applied Total Cases with Errors Less Than 1 O Sy with Errors Less Than 
Percent 50 Percent 

Pumping Well With Field 
14 8 6 Errors 

Monitoring Well With 
14 4 4 Field Errors 

Table 24 The percent errors of Kand Sy for all cases using the well observations with 
field errors. 
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5.7 COMBINED DATA SETS 

Scatter plots and the weighted least-squared objective function surfaces are used 

to evaluate the performance of the combined weighted measurement sets. The weights 

assigned to each measurement type are shown in Tables 4 and 5 and Equation 14 is used 

for the parameter estimations with different measurement types. In each weighting 

scheme, the weight assigned to the wells is constant. The weighting schemes used for the 

parameter estimations using the combined data sets are shown in Tables 4 and 5. 

Equations 12 and 13 and 14 were used for these weighted least-squared objective 

function surfaces. 

Estimation of the Kand Sy values was performed using the pumping and monitoring 

well data with field errors and the gravity data sets. It was expected that the combined 

gravity and well data sets would lead to lower errors in the K and Sy parameter estimates 

than using the well data alone. It was also expected that combining the best gravity data 

sets with a well data set (PW+IG, MW+IG) would lead to parameter estimates with lower 

errors. 

The quality of the parameter estimations based on combined head and gravity 

measurements were analyzed with respect to the weighting scheme used for the inversion 

based on scatter plots showing the percent errors of the estimated parameters using head 

and/or gravity measurements. For select cases, the weighted least-squared objective 

function surfaces were computed from the well and/or gravity data sets. 

Scatter plots have been constructed to show the improvement in parameter 

estimations due to the addition of gravity information to a well data set (Figures 12-13). 
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Each point compares the percent error in the estimation of a single parameter based on 

the well data only (x-axis) versus the percent error of the estimate based on combined 

well and gravity data (y-axis). Points that lie above the solid one-to-one line indicate 

cases where adding gravity to well measurements leads to poorer parameter estimates. 

Points below the one-to-one line are cases where adding gravity to the well 

measurements improves the quality of the estimated parameters. Cases in which the error 

of the parameters did not change with the addition of the of the gravity data sets fall on 

the one-to-one line. 
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Figure 12 Percent error in the K parameter estimations using pumping well and/or gravity 
data sets. The K estimations using the pumping well and gravity weighting schemes are 
compared to the K estimations using the pumping well with field errors observation set. The 
1: 1 solid line is for reference. 
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Figure 13 Percent error in the K parameter estimations using monitoring well and/or gravity 
data sets. The K estimations using the pumping well and gravity weighting schemes are 
compared to the K estimations using the monitoring well with field errors observation set. 
The 1 : 1 solid line is for reference . 
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Figure 14 Percent error in the Sy parameter estimations using pumping well and/or gravity 
data sets. The Sy estimations using the pumping well and gravity weighting schemes are 
compared to the Sy estimations using the pumping well with field errors observation set. The 
1: 1 solid line is for reference. 
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Figure 15 Percent error in the Sy parameter estimations using monitoring well and/or gravity 
data sets. The Sy estimations using the pumping well and gravity weighting schemes are 
compared to the Sy estimations using the monitoring well with field errors observation set. 
The 1: 1 solid line is for reference. 

Gravity data added to the wells does not always result in improved parameter 

estimates (Figures 12 through 15). Overall, the accuracy of the K estimates improved 

with the addition of gravity data. However, in some instances the addition of gravity 

resulted in poorer estimation of the K value or the parameter did not change (Figures 12 

and 15). The Sy parameter is most improved with the addition of the gravity data 

regardless of the gravimeter type for both pumping and monitoring wells (Figures 14 and 

15). The addition of the gravity data to the monitoring well data leads to the largest 

improvements in the K and Sy values. Of the three gravimeter types, the relative 

gravimeter measurements added to the pumping well measurement sets resulted in the K 

and Sy estimates with the least-error. The relative gravimeter data added to the pumping 
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well data led to better estimates than using only the pumping well data for the inversions. 

The absolute gravimeter measurements added to the monitoring well measurement sets 

resulted in the Kand Sy estimates with the least-error; absolute gravimeter data combined 

with the monitoring well data led to better estimates than using only the monitoring well 

data for the inversions. 

5.8 WEIGHTED LEAST-SQUARED OBJECTIVE FUNCTION SURFACES 

To observe the effects of the weighting schemes used for the parameter 

estimations using the well and gravity data sets, eight separate weighted least-squared 

objective function surfaces were computed for select cases (Figures 16 and 17). Four 

weighted least-squared objective function surfaces were computed separately using the 

single gravity and well data sets. Lastly, four weighted least-squared objective function 

surfaces were calculated from both the well and gravity measurement sets using 

weighting scheme presented in Tables 4 and 5. Equations 12 and 13 and 14 were used 

for these weighted least-squared objective function surfaces. 

The y-axis shows the Sy value used, while the x-axis shows the K value used. For 

each parameter pair, the value of the objective function is calculated using Equation 14. 

The value of the objective function is plotted on the surface to correspond with the Sy and 

K values used. The results are then contoured and color filled. Figures 16 and 17 show 

the weighted least-squared objective function surfaces for two select cases. Each figure 

is subdivided into four subplots and each subplot shows the least-squares objective 

function surface separately for the well data sets (Figures 16A and 17 A) and the gravity 
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data (Figures 16B and 17B). The bottom half of Figure 16 shows the weighted least-

squares surfaces for the PW+RG weighting scheme (Figure 16C) and for the PW+IG 

weighting schemes (Figure 16D). The bottom half of Figure 17 shows the weighted 

least-squares surfaces for MW+AG weighting scheme (Figure 17C) and for the MW+IG 

weighting scheme (Figure 17D). 
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Figure 16 Weighted least-squared objective surfaces computed using (A) pumping well 

observation sets only; (B) relative gravimeter observation sets only; (C) combined 

pumping well and relative gravimeter observation sets calculated with the PW+RG 

weighting scheme; and (D) combined pumping well and ideal gravimeter observation sets 

calculated with the PW+IG weighting scheme. · 
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Figure 17 Weighted least-squared objective surfaces computed using (A) monitoring well 

observation sets only; (B) relative gravimeter observation sets only; (C) combined 
pumping well and absolute gravimeter observation sets calculated with the MW+AG 
weighting scheme; and (D) combined monitoring well and ideal gravimeter observation 
sets calculated with the MW+IG weighting scheme. 

The weighted least- squared objective function surfaces for the pumping well data 

set display a vertical orientation indicating that K could be estimated uniquely, but the 

response to the Sy parameter would be inaccurate (Figure 16A). The weighted least 

squares objective function surface computed for the monitoring well alone has a different 

orientation than the weighted least squared objective function surface computed from the 

pumping well only (Figure 17 A). Specifically, there is a pronounced anti-correlation 

between the Kand Sy parameters (Figure 16A). The pumping well appears to be better 

for estimating the K parameter than the monitoring well. For the Sy estimation, the 



73 

monitoring well appears to constrain Sy to greater degree than the pumping well 

measurement set. 

The weighted least-squares objective function surfaces computed from the gravity 

data sets alone have a diagonal orientation, suggesting a high correlation between the K 

and Sy values (Figures 16B and 17B). Interestingly, there is little difference in 

appearance between the weighted least-squared objective function surfaces computed 

using the relative and ideal gravimeters despite the differences in the gravimeter 

accuracies (Figures 16C and 16D). Neither of these weighted least-squared objective 

function surfaces shows a well-defined local minimum value. 

The appearances of the weighted least-squared objective function surfaces with 
'\.. 

additions of the gravimeter measurements to the wells with field errors appear similar to 

the weighted least-squared objective function surfaces computed with the gravity data 

sets. The addition of the gravimeter measurements to the well measurements still show a 

high parameter correlation between the K and Sy parameters. 
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6.0 DISCUSSION 

The test wells produced Kand Sy estimates with the lowest errors for all of the 

aquifer properties/conditions examined. Therefore, if the costs and conditions allow for 

the installation of test wells, they should be installed for pumping tests. In some 

instances, the well measurement sets with field errors estimated parameters with errors 

comparable to the errors in the estimated parameters using the test well measurement 

sets. For these conditions, existing wells could be used for the inverse parameter 

estimation without the need to install more expensive test wells. 

The high correlation of the Kand Sy parameters using only gravity measurement 

sets makes estimating unique Kand Sy parameters difficult and influences the quality of 

the estimated parameter. This is in contrast to the small degree of parameter correlation 

seen in the inverse parameter estimation with the well measurement sets. As a result, in 

all cases except in high Sy conditions, gravimeters alone performed poorly compared to 

the wells; this is even true for ideal gravimeters that have a signal to noise ratio 

comparable to test wells. 

The increased parameter correlation seen in the gravimeter response, compared to 

the well response, is due to the indirect dependence of gravity on the hydrologic response 

of local water level change and spatial averaging of the gravimeter. A well measurement 

is a point measurement of the energy status within the water phase at one location. This 

response is insensitive to depth and does not depend on the energy status of the water at 

other locations. A gravity measurement at a location depends on the distributed change 

in density at many locations, all weighted by the inverse of their distances from the 
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gravimeter. As a result, an aquifer response that leads to larger density changes farther 

from the gravimeter may have an identical response to an aquifer response with smaller 

density changes closer to the gravimeter. Similarly, the gravity response near the well 

may appear suppressed compared to the response farther from the well because the 

vertical distance to the dewatered region is larger near the well. These "smoothing" 

effects of gravity must be accounted for in the inversion, adding further uncertainty and, 

therefore, leading to poorer aquifer parameter estimates. Increasing gravimeter accuracy 

does not affect these characteristics, so it may not improve the quality of the estimated 

parameters. 

Although gravimeters alone were not successful in constraining parameter 

estimates, there were conditions for which adding gravity measurements to well 

measurements led to improved inversions. However, the correct choice of weighting of 

the water level and gravity data sets was critical. For each weighting scheme used it was 

found that the Sy parameter estimates improved the greatest with the addition of gravity 

to the wells. In fact, only one weighting scheme tested improved the Kand Sy estimates 

compared to using the well data alone. For the pumping well, the relative gravimeters, 

which were weighted much less than the pumping well measurements, led to the greatest 

improvements in the K and Sy estimations. The other weighting schemes in which the 

gravimeter measurements were almost equal or greater than the weight assigned to the 

pumping well resulted in K estimations with larger errors. For the monitoring wells the 

gravimeter measurements with an intermediate weight ( absolute gravimeters) in the 

parameter estimation resulted in the greatest improvements in the K estimates. When the 
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gravity measurement sets were weighted the smallest or equal to the well measurements 

the estimated K value had larger errors. It is interesting to note that the ideal gravimeters, 

those with the lowest measurement errors, were not identified as optimal for use with 

pumping wells or test wells. This does not indicate that gravity measurements with larger 

errors are preferred over more accurate gravity measurements. Rather, it indicates that 

weighting gravity measurements based solely their measurement errors in inadequate. It 

is likely, although not tested here, that a weighting scheme could be found that leads to 

optimal use of the ideal gravity measurements. In this case, these measurements should 

be preferred over those with larger errors ( absolute and relative gravimeters). This 

remains as a topic of future research. 

The weighted least-squared objective function surfaces calculated from the well 

and gravity observation sets suggest that it may be advantageous to use both observation 

sets independently to estimate the Kand Sy values. Because the well response is highly 

sensitive to Kand relatively insensitive to Sy, well data alone could be used to constrain a 

K value. The gravity response is more sensitive to Sy under many conditions; therefore, 

the gravity response could be used to identify Sy once the K value is fixed. This 

application also remains to be investigated through future research. 
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7.0 CONCLUSIONS 

The relatively simple foundation of the gravity method and its non-invasive 

approach make it a promising technological tool for ground water hydrologists and 

geophysicists in the future. In this study, a hydrogeophysical approach was used for 

inverse parameter estimation by coupling a ground-water flow model to a gravity model. 

This approach improves the use of indirect measurements over independent geophysical 

interpretations. 

Despite the improved treatment of gravity data, it was found that using gravity 

alone leads to poorer aquifer parameter estimates than using wells alone, regardless of the 

accuracy of the well and gravimeter measurements. This suggests that gravity should 

only be used alone to constrain a pumping test in areas where there are no wells and 

adding wells is cost prohibitive for pumping tests. Gravity data used alone has the most 

potential in shallow aquifers pumped at high rates. However, even these results should 

be seen as approximate and subject to errors due to parameter correlation. The best use 

of gravity measurements alone in these conditions could be conceptual model 

development for providing guidance for collection of more expensive data. 

Using gravity together with well data can improve the Sy parameter estimate; 

however, the choice of weighting scheme is critical; current schemes based on 

measurement error are not well suited to indirect measurements. This is advantageous 

because aquifer pumping test usually lead to good estimates of Kbut not Sy.It is possible, 

although not tested here, that well and gravity data could be used most effectively 



independently; wells could be used to constrain Kand then gravity could be used to 

constrain Sy. 
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This study has pointed out some limitations to the use of gravity for pumping test 

analyses. In conducting this study, several simplifications were made; all of which likely 

overestimate the promise of gravity. First, no field data were used: the synthetic data 

were generated using the same model that was used to interpret the gravity responses. As 

a result, there were no model structural errors in the interpretation of the gravity signal. 

Second, delayed drainage was not considered. This effect introduces spatial variability in 

the density change due to pumping, which further complicates the interpretation of the 

gravity response. Third, density changes were treated as point mass changes. This leads 

to overestimation of the gravity response near the gravimeter, artificially increasing the 

signal to noise ratio. In addition to these three limitations, only one realization of error 

was used for the entire study and the inverse model used employs a local search method. 

It is less clear that these limitations would overstate the utility of gravity. 
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