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ABSTRACT 

Geostatistical based optimization was applied to the North A vra Valley ground water 

model to estimate the transmissivity field and boundary conditions that minimize the 

difference of the modeled and measured head. The Sequential Self-Calibration (SSC) 

method was used for the inverse modeling and optimization. SSC is an iterative technique 

that combines geostatistics with an optimization routine to condition both transmissivity 

and head fields to measured data. Two calibration methodologies were compared. In the 

first, the inflow and outflow boundary conditions are adjusted to minimize head residuals, 

using the uniform geometric mean transmissivity field and the subsequent SSC calibrated 

transmissivity field is based on those initial boundary conditions. The second method ran 

the model independent optimization software PEST in series with SSC. This approach 

calibrates the inflow and outflow boundary conditions and transmissivity field iteratively 

against the head residuals. As a consequence, the inflow and outflow boundary conditions 

are optimized against the final geostatistical based transmissivity field used in the model. 

The serial PEST-SSC calibration method produces consistently better results with respect 

to head residuals, by an average of 27 .1 percent. The resulting calibrated transmissivity 

fields of both methods were compared using stochastic error analysis, showing similar 

results for both methods. A final model run was done employing the PEST-SSC method 

for a more detailed analysis. This resulted in a relative error ( O'head residuals I head-range) of 

only 1.5 percent. 
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1.0 INTRODUCTION 

1.1 Sequential Self-Calibration 

Traditionally, model calibration was done by the trial-and-error method, where 

the modeler adjusts parameters, runs the model and checks model results against 

observations to see if the calibration improved. This process is repeated at the discretion 

of the modeler, changing the parameters that are thought to be most sensitive. This is a 

time-consuming and somewhat arbitrary process. Recently, numerous inverse model and 

parameter optimization calibration methods have been devised to automate this process. 

Sequential Self-Calibration (SSC) is one such automatic method that is 

geostatistical based. SSC produces geostatistical based transmissivity fields to minimize 

the head residual between simulated and measured data. The advantage of using a 

geostatistical method is that it is exact, therefore the simulated transmissivity field will 

honor the measured transmissivity data. SSC will iteratively minimize the head residuals 

to condition the head data. 

1.2 Calibration Methods Employed for North Avra Valley 

Traditionally, inflow and outflow boundary conditions are changed to minimize 

head residuals, using a uniform geometric mean transmissivity field. After the boundary 
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conditions have been calibrated, these same boundary condition values are used to 

calibrate the transmissivity field. This is a two-step process. 

In this two-step process, initial changes made to the boundary conditions are not 

based on all the calibrated parameter distribution as seen in the final model. Namely, the 

final model incorporates a realistic geostatistical SSC simulated and optimized 

transmissivity field, not a uniform geometric mean transmissivity field. The subsequent 

calibration of the transmissivity field is based on boundary conditions that were 

calibrated against a condition that does not exist in the final model. Therefore this two 

step approach approximates a calibration of a model that is actually calibrated in one step 

taking all the parameters and their simultaneous interactions into account. 

A one-step process would adjust the boundary conditions and see how those 

changes propagate throughout the transmissivity optimization and affect the final 

calibration of the model with respect to the head residuals. This one-step process 

comprehensively considers the interactions between the boundary conditions, 

transmissivity field, and the head. 

A way to approximate this one-step process is to run the model independent 

optimization program PEST in series with SSC. PEST will adjust the boundary 

conditions, and those changes are propagated through SSC transmissivity optimization 

and their combined effect is optimized against head residuals. In essence, the optimized 
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boundary condition values are filtered dynamically through the geostatistical based 

transmissivity field. 

Both of these calibration approaches were used in a comparative study of North 

A vra Valley groundwater flow model. Several scenarios were run, using varying values 

for the constraint interval parameter for the SSC model. The constraint interval controls 

the variance of the simulated transmissivity fields. The serial PEST-SSC method 

produced consistently better results than the calibration method based on the geometric 

mean transmissivity field. A final run using this serial PEST-SSC method was performed 

for more detailed analysis of the head and transmissivity statistics of the model results. 
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2.0 SETTINGS OF A VRA VALLEY BASIN 

2.1 General Location of Avra Valley 

A vra Valley is an alluvial valley west of Tucson in Southern Arizona. It is a 

typical valley of the Basin and Range Province of the southwestern United States. The 

Silverbell and the Roskruge Mountain Ranges bound A vra Valley on the west. The 

Tucson and the Tortolita Mountains form the eastern boundary of the valley. In the north, 

the valley is bounded by Picacho Peak and in the south by the Sierrita Mountains. See 

Figure 2.1. 

2.2 Climate 

The A vra Valley Basin is located in the semi-arid Sonoran Desert of the 

southwestern United States. Climatological data for the weather station at Sahuarita are 

found in Sellers et al. (1985). Mean maximum monthly temperature range between 67.2 

~Fin December and 101.3 °Fin July. Precipitation occurs during two periods of each 

year. Summer storms of July and August are short and of high intensity. Between 

December and February, steady low-intensity storms from the Pacific Ocean shower the 

basin. The mean annual rainfall is approximately 10 inches. 



17 

2.3 Groundwater 

The aquifer system in A vra Valley consists mainly of two alluvial layers. Across 

the entire valley, the upper alluvium consists of gravel, sand, and clayey silt. In North 

A vra Valley the lower layer consists of clay, silt, and mud stone. In the South A vra 

Valley the lower layer is made up of sand, gravel, and conglomerate. The aquifer system, 

which generally is unconfined to depths of 1000 ft, is underlain and bounded on the east 

and west by low permeability crystalline rock. Groundwater inflows to the aquifer system 

from adjoining basins occur at two main places. In the south, the groundwater inflow 

comes from Altar Valley near Three Points, and in the east the inflow comes from 

Tucson Basin along the Rillito and the Santa Cruz River. Ground water outflow from the 

aquifer system occurs southwest of Picacho Peak. See Figure 2.1. 

The following steady-state groundwater flow components are based on pre

development data from the 1940's. Published estimates of groundwater inflow as under

flow for Three Points range from 6,790 acre-feet per year (afy) to 16,600 afy. See Table 

2.1. Under-flow from Tucson Basin near Rillito range from 11,450 afy Clifton (1981) to 

20,100 afy Whallon (1983). Published estimates of groundwater outflow near Picacho 

Peak range from 18,670 afy to 34,700 afy. See Table 2.2. 
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I Estimated Ground Water Inflow Components for Avra Valley I 

B 
Mountain Underflow Underflow Stream flow 

Time Front Altar Valley Tucson Infiltration 
Total 

Period Recharge (acre-ft/yr) Basin (acre-ft/yr) 
(acre-ft/yr) 

(acre-ft/yr) (acre-ft/yr) 

Whallon 
1940 (1983) (-)1 16,600 20,100 (-)1 36,700 

Clifton 
1940 (1981) 500 6,790 11,450 (-)1 18,740 

1 Budget component that was not estimated by investigator or was considered negliglible and was not used. 

Table 2.1 

Estimated Ground Water Outflow Components for Avra Valley 

Time B Eva po- Underflow Estimated 
Total 

Period 
transpiration Pichacho Basin Pumpage (acre-

(acre-ft/yr) 
(acre-ft/yr) (acre-ft/yr) ft/yr) 

Whallon 
1940 (1983) (-) 34,700 (-)1 34,700 

Clifton 
1940 (1981) 0 18,740 (-)1 18,740 

1 Budget component that was not estimated by investigator or was considered negligible and was not used 

Table 2.2 
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3.0 GEOSTATISTICAL THEORY 

3.1 Geostatistical Concepts 

Geostatistics is concerned with the study of regionalized variables that fluctuate in 

space and/or time. The paradigm of geostatistics is aimed at the understanding and 

modeling of this spatial or temporal variability. Within the geostatistical framework a 

probabilistic model is used, namely the random function model, which characterizes 

spatial variability (spatial structure). Estimates and/or simulations at unsampled 

(unknown) locations are obtained based on the properties of this conceptual random 

function model, and a linear interpolation method such as kriging. 

Kriging is used in geostatistics to estimate the values of variable at unsampled 

locations. Kriging uses the random function model, which characterizes the spatial 

variability, to calculate a point, area, or volume estimate at unsampled locations. Kriging 

is known as "BLUE", a best linear unbiased estimator. In order to calculate these 

predictive geostatistical estimates, various constraints are imposed on the random 

function model. 

The following explanation of geostatistical analysis and kriging theory draws 

upon the works of Edward H. Isaaks and R. Mohan Srivastava (1989), Pierre Goovearts 
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(1997), Clayton V. Deutsch and Andre G. Journal (1998), Peter K. Kitanidis (1996), and 

Yvan Pannatier (1996). 

3.2 Random Variables, Regionalized Variables, and Random Functions 

The basic objective of predictive statistics is to characterize any unsampled value 

as a random variable (RV). A random variable is a variable whose values (outcomes) are 

generated according to some known or unknown probabilistic mechanism. The collection 

of possible outcomes of a random variable, generated by this probabilistic mechanism, is 

referred to as the probability distribution. A random variable is traditionally denoted as a 

capital letter Z, whereas a particular outcome of this random variable is denoted as lower 

case z. 

If a variable's probability distribution is dependent on its spatial location, then it is 

referred to as a regionalized variable. "The random variable Z, or more specifically its 

probability distribution, is usually location dependent; hence the notation Z(u), with u 

being the location coordinate vector" (Deutsch and Joumel, 1996. p. 10). A random 

variable Z(u) is completely characterized by its univariate cumulative distribution 

function F(u;z) (cdf), which gives the probability that the variable Z at location u is no 

greater than any given threshold z: 

F(u;z) = Prob { Z(u) ~ z} (3.1) 
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A regionalized variable is, as stated earlier, a variable distributed in space. A 

regionalized variable usually shows both a structured aspect and an erratic aspect. "The 

structured aspect is related to the overall distribution of the natural phenomenon. For 

instance, in a polluted area there are zones, which on average have a greater heavy-metal 

content than others. The erratic aspect is related to the local behavior of the natural 

phenomenon. For instance, within a given zone of a polluted area, the heavy-metal 

content seems to fluctuate randomly. The formulation of a natural phenomenon must take 

this double aspect of randomness and structure into account. A consistent and operational 

formulation is the probabilistic representation provided by random functions" (Pannatier, 

1996, p. 74). In this study, it is implicitly understood that geostatistics is applied to 

regionalized variables, and therefore the prefix "regionalized" is omitted in this study. 

A random function is a collection of random variables, of a single attribute, over 

an area of interest whose dependence on each other is specified by some probabilistic 

mechanism. Locally, the erratic aspect of the attribute is expressed by the probability 

distribution of the random variable Z(u1). The random variable Z(u1) is also part of a 

random function, in that Z(u1) is related to the neighboring random variables Z(uk), 

where k = 1, ... ,n. The random variables {Z(u1), Z(u2), ... ,Z(un)} are not independent 

but are related by a function that expresses the spatial variability that is inherent of the 

attribute being modeled by the random function. The random function is completely 

characterized by the multivariate (n-variate) cdf: 

(3.2) 
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The set of all these probability distributions, for all positive integers n and for all 

possible threshold values Zn, constitutes the spatial law of the random function. The 

random variable is completely described by all the possible outcomes expressed as the 

probability distribution, whereas the random function is completely described by the 

collection of all possible realizations (i.e. spatial law). Each realization is the collection of 

one possible outcome of the probability distribution of each random variable. The 

collection of all possible realizations is also referred to as the ensemble. 

The complete knowledge of this spatial law is typically not possible because the 

amount of data available is usually insufficient, but it is generally not needed for 

estimation/simulation of the attribute at unsampled locations. In geostatistics, the random 

function is limited to bivariate ( at two locations) statistical analysis of the attribute and its 

corresponding moments. 

3.3 Moments Utilized in Geostatistics 

The first-order moment, or the expected value E{Z}, of the probability 

distribution of a random variable Z(u) is generally a function of the location u. The 

expected value of Z(u) is written as: 

E{Z(u)} = m(u) (3.3) 
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In geostatistics, three second-order moments are considered: the variance, the 

covariance and the variogram. The variance, which is the second order moment about the 

mean m(u), of the random variable Z(u) is defined as: 

Var {Z(u)} = E{[Z(u)-m(u)]2} 

= E{[Z(u)2}-2 E{Z(u)}m(u) + m(u)2 

= E{[Z(u)2}- m(u) 2 (3.4) 

If two random variables Z(u1) and Z(u2) each have variances, then they together also 

have a covariance, which is a random function of the two locations u1 and u2: 

Cov(ui, u2 ) = E{[Z(u1)- m(u1 )] [Z(u2)- m(ui)]} 

= E{Z(u1)} E{Z(ui)}- E{Z(u1)} m(u2)- E{Z(u2)} m(u1) + m(u1) m(ui) 

=E{Z(u1)} E{Z(ui)}-m(u1)m(ui) (3.5) 

The variogram is a statistic that describes the spatial variability of the random function 

between two data locations. The variogram is defined as half the variance of the 

increment [Z(u1) - Z(u2)], and is defined as: 

y(ui, u2 ) = Yi Var{Z(u1 )- Z(u2 )} 

2y(ui, u 2 ) = E{[Z(u1)-Z(u2)]2}-[E{Z(u1)-Z(ui)}]2 

r(ui, U2) = Yi E{[Z(u1)- Z(u2)]2} 

when E{Z(u1)} = E{Z(u2)} (i.e. same mean for both locations). 

(3.6) 
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3.4 Ergodicity Property and the Hypothesis of Stationarity 

In regular univariate statistics for independent variables, the distribution between 

and population moments of the random variable is encountered. If number of samples 

that are taken approaches infinity, then the sample moments is the population moments. 

In other words, when the number of sampled data is large enough, the sample moments 

can be used to infer the population moments of the random variable. 

To extend this concept to geostatistics where random function models are used, 

the sample moments over all possible locations and over all possible realizations will 

equal the moments of the random function model. In other words, if samples are taken at 

enough locations and over a large enough number of realizations (i.e. many samples over 

time at many locations), then the sample moments can be used to infer the moments of 

the random function model. 

In reality, samples of a natural attribute at location u are taken only once at one 

point in time (i.e. one realization). Reality is unique, and the random function model 

moments must be inferred from this single realization. In order to accommodate this 

condition, the geostatistical process where only the first and second moments are 

considered, must be ergodic. For an ergodic process, the moments over all possible 

realizations are equal to the moments of one unbounded single realization. If the attribute 

under study is homogeneous over a certain area, then it can be considered that the random 
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variable Z(u) repeats itself in space as {Z(u1), .•. ,Z(u0 )}. "This repetition provides the 

equivalent of many realizations of the same random function F(u) and allows a certain 

amount of statistical inference" (Pannetier, 1996, p. 77). Without the ergodicity property, 

the moments of the random function cannot be inferred from a single realization. This 

homogeneity in space of the random variables {Z(u1), ... ,Z(u0 )}, or equivalently F(u), is 

referred to as stationarity. The type of stationarity that is assumed will impose what type 

of statistical inferences can be made. 

The hypothesis of stationarity imposes that the attribute displays some degree of 

homogeneity in space. Strict stationarity implies that the spatial law is invariant under 

translation of h, where h is the separation vector between two samples. The separation 

vector between two sampled locations is referred to as the lag distance. That is, the n

variable distribution law describing the random function containing {Z(u1), Z(u2), ... , 

Z(un)} is identical to then-variable distribution describing the random function {Z(u1+h), 

Z(u2+h), ... , Z(un+h)}, for any vector h. This is a very strong assumption and in reality 

this assumption is replaced with the second-order stationarity and the intrinsic hypothesis. 

In linear geostatistics, where only the first and second moments are considered, it 

is sufficient to apply the stationarity hypothesis only to these two moments (i.e. second

order stationarity). A random function has second-order stationarity when the expectation 

E { Z( u)} of the random function does not depend on the location u, and when the 
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covariance of a pair of random variables Cov{ Z(u), Z(u+h)} depends only on the lag 

distance h. 

The stationarity of covariance also implies the stationarity of the variance, when 

lag distance is zero: 

Var{Z(u)} = E{[Z(u)- m]2} = Cov(O) (3.7) 

The stationarity of the covariance of the random function also implies the stationarity of 

the variogram: 

2 Cov(h) = E{Z(u) Z(u + h)}- m 2 

2 Cov(h) = [E{Z(u)2 
- m 2

] + [E{Z(u + h) 2 }-m2 ]-[E{Z(u)2 ]-2 E{Z(u) Z(u + h)} 

+ E{Z(u + h)2
}] 

2 Cov(h) = 2 Cov(0)-2 y(h) 

Cov(h) = C(O)- r(h) (3.8) 

Under the hypothesis of second-order stationarity, the relationship between the 

covariance and the variogram implies that both the covariance and the variogram are 

equivalent tools to characterize the spatial variability for the random function between 

two random variables Z(u) and Z(u+h) separated by the lag distance h. The covariance 

and variogram functions are global summary statistics that describe how spatial 

variability changes as a function of lag distance through space. 
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Second-order stationarity assumes that the a priori mean E{Z(u)} of the random 

function is known. If there are enough samples taken then perhaps the second-order 

stationary random function mean E{Z(u)} can be inferred from the sample mean (m). 

But, to get around the problem of inferring a mean from the data, the intrinsic hypothesis 

is assumed. Under the intrinsic hypothesis only the variogram can be used to characterize 

the second moment of the random function. The variogram by definition is 1 /2 of the 

variance of the difference of two random variables: 

y(u1 , u 2 ) = YzVar{Z(u1)-Z(u2 )} (3.9) 

The random function mean E{Z(u)} is constant and common to both Z(u1) and Z(u2), 

therefore the increment {Z(u1)-Z(u2)} filters out the mean. Consequently, an estimate of 

a value for mean is not needed as long as the mean is constant. Hence, it takes less 

information to characterize the intrinsic model than the second-order stationary model by 

assuming only the stationarity of the variogram. A second-order stationarity model 

implies the intrinsic hypothesis but the reverse is not true. 

3.5 Random Function Models 

The variance of a random variable is by definition greater than or equal to zero; 

negative variance does not exist. Therefore, covariance or variogram functions 

characterizing the spatial variability of the Z(u) must ensure that the variance will always 

be greater or equal to zero. The covariance or variogram function must therefore belong 
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to a set of mathematical functions that are said to be positive definite. The positive 

definite constraint of the covariance or variogram function is also needed to ensure a 

unique solution for the kriging equations that calculate the estimates at the unsampled 

locations, which will be described in the next section. 

The general structure of a variogram and the associated terminology is shown in 

Figure 3.1. The range describes the lag distance where the attribute becomes spatially 

independent and shows no correlation. It can be seen that as the lag distance (h) 

increases, the variogram grows more slowly, and in the limit ash approaches infinity the 

variogram reaches a plateau referred to as the sill. The sill is the variogram value at a lag 

distance greater than or equal to the range. The nugget effect is a constant value added to 

the variogram when the variogram is discontinuous at the origin or zero lag distance. 

Such a discontinuity at the origin of the variogram can be caused by measurement error 

and/or spatial sources of variation at distances smaller than the shortest lag distance 

between two sample locations. 

The constraint that the function used to model the random function must be 

positive-definite restricts the type of function that can be used. In practice, only a few 

positive-definite functions are used to model the variogram. These functions can be 

superimposed (nested) upon each other to characterize more complex spatial variability. 

See Figure 3.2 for examples of the commonly used spherical, exponential, and Gaussian 

functions. 
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General Structure of a Variogram 
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Figure 3.2 
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3.6 Variogram Modeling of the Spatial Variability 

Spatial variability is exhibited by most attributes in earth sciences. Generally, two 

data values of the same attribute located close to each other are more similar or less 

different than two data values far apart. The tools used to describe the relationship 

between two variables can also be used to describe the relationship between one variable 

at different locations. The tool used to describe the bivariate relationship of two attributes 

is the scatterplot. The h-scatterplot used to describe the attribute's bivariate relationship 

with itself at different lag distances and/or directions. The vector h has both magnitude 

and direction. The h-scatterplot is the bivariate equivalent of the univariate histogram. 

An h-scatterplot shows all possible pairs of data values whose locations are 

separated by a certain lag distance. An h-scatterplot can also have a directional 

component depending if the attribute displays anisotropy. If the attribute is isotropic then 

the h-scatterplot should be omni-directional. Usually, data are not sampled on a regular 

grid, therefore the h-scatterplot displays pairs of data values that are separated by a 

certain lag distance plus or minus a lag tolerance and in a certain direction plus or minus 

an angular tolerance. The shape of the cloud of paired data values at a certain lag distance 

in a particular direction indicates the spatial variability inherent to the attribute. If data 

values at a certain lag distance and direction are similar, they plot closer to the 45° line (x 

= y line). If the values are less similar, the h-scatterplot becomes fatter and more diffuse. 

See Figure 3.3. At lag distance h = 0, all data values equal themselves, and therefore they 
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h-Scatterplots for Different Lag Distances 

Lag Distance (h) = O Lag Distance (h) = 500 

3,000 - 3,000 -

/ / 

/ 
~/ 

;f 
-¥ +""" 

2 2,000 -

""" 
2 2,000 - ~ 

+ /* + :1t* ~ ~ 
I- ,4'" I-

-= -= 
+,,t-;:. 

1,000 - ;*-* 1,000 - ++ 

* -!" 4-,,._/ / 
/ 

/ I I I / I I I 

0 1,000 2,000 3,000 0 1,000 2,000 3,000 

In T (x) In T (x) 

Lag Distance (h) = 1000 Lag Distance (h) = 1500 
3,000 - 3,000 -

/ + 
/ 

/ / 
/ + + / 

+/ + / 

2 2,000 - + /+ 2 2,000 - + + +/ + 
+ + ++ .,+ + / 

~ +/+ + ~ ,,+- + + 
I- +/+ + I- + /+ 

-= 
+ ,t-+ 

-= +/ + + 
/ + 1,000 - + .t+ + 

1,000 ... + 
/+ 

/ 

/+ / 
/ / + 

/ / + 
/ I I I / I I I 

0 1,000 2,000 3,000 0 1,000 2,000 3,000 

In T (x) In T (x) 

Figure 3.3 



34 

all plot on the x = y line. It is not very useful to look at a multitude of h-scatterplots to get 

a sense of the spatial continuity displayed by the attribute. A summary statistic for all the 

h-scatterplots is needed. 

A possible summary statistic describing the fatness of the cloud of pairs about the 

x = y line, is the moment of inertia. The moment of inertia (I) is used in physics to 

describe the resistance of an arbitrarily distributed mass (m) rotating about an axis to 

changes in its angular velocity (i.e. inertia). Each sampled data value can be viewed as 

an equally weighted point mass set to one, located at some particular orthogonal distance 

from the 45° bisector in the h-scatterplots. See Figure 3.4. Then the moment of inertia is 

the sum of all such squared orthogonal distances about the 45° bisector and is defined as: 

n 

I= Lmid; cos(45) 2 

i=l 

1 n 2 

I = - L [dicos(45° )] 
n i=I 

(3.10) 

where m = 1 for all i 
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The moment of inertia is half of the average squared difference between the x and y 

coordinates of each pair. The factor Y2 is a consequence of the fact that the moment of 

inertia is taken about the x = y line. The relationship between the moment of inertia of the 

h-scatterplot and h is called the experimental or sample variogram. In other words, the 

experimental variogram is a summary of the moment of inertia of the data points in the at 

each lag interval h. 

The experimental vanogram is derived from the average of all the possible 

combinations of data pairs at various lag distances and/or directions. The experimental 

variogram is an average global statistic over the entire area of study. The experimental 

variogram summarizes at certain lag distances and directions the spatial variability by 

taking a single point average of the h-scatterplot. The experimental variogram is defined 

as: 

1 n 

y (h) =--~)z(uJ-z(ui + h)} 
2n(h) i=I 

where n is the number of data pairs. See Figure 3 .5. 

(3.11) 

The experimental variogram can only be used to calculate kriging estimates at the 

lag distances where an h-scatterplot was calculated. In order to calculate an estimate at 

any lag distance, the experimental variogram must be modeled with a continuous 

positive-definite function. The spherical, exponential, and Gaussian are commonly used 

to model the experimental variogram. The process of modeling the experimental 
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variogram is called variography. Variography consists of to selecting a model and fitting 

the experimental variogram by adjusting the sill, range, nugget effect, and accounting for 

possible anisotropy. 

Once a model is selected and fitted, the process of cross-validation is used to 

check the model. Cross-validation takes the known sample set and systematically 

suppresses one data value and uses the remainder of the data values and the variogram 

model to calculate a kriging estimate at the location of the suppressed data value. The fact 

that kriging is an exact interpolator, and because the suppressed data value is known, the 

error residual of the estimated values using cross-validation can be calculated. This is 

done once for all the successively suppressed sampled data values. If the variogram 

model adequately characterizes the spatial continuity of the attribute, then the following 

criteria should be observed: 

(1) The mean sample error should be close to zero, 1/N L [z(ui) - z(ui)] ~ 0 

1 n - L {z(uJ-z(uJ} ~ o 
n i=t 

(3.12) 

(2) The mean squared error should be small, 

1 n - L {[z(uJ-z(uJJ2} 
n i=t 

(3.13) 
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(3) The normalized mean square error should be close to one, 

n 

L {[z(ui )- z(ui )J 2
} 

1 i=l ~1 (3.14) 
n 

where crR 
2 

( ui) is the kriging variance at ui. 

A 

(4) The correlation coefficient between Z(ui) and Z(ui) should be close to one. 

In other words, the residual should be random white noise. Cross-validation is a tool that 

gives some relative quantifiable sense of the appropriateness of the model. It is a way to 

see if adjustments of model parameters affect the estimation in a positive or negative 

manner. Once a model is selected, fitted, and cross-validated it can then be used for the 

estimation/simulation of unsampled values at all locations in the domain of interest. 
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4.0 KRIGING ESTIMATION THEORY 

4.1 Introduction 

The mathematical process used in geostatistics, which uses the random function 

model and the sampled data values to estimate values at unsampled locations, is known 

as kriging. "Kriging is a generic name adopted by geostatisticians for a family of 

generalized least-squares regression algorithms in recognition of Danie Krige (1951 )" 

(Goovaerts, 1997, p. 125). 

Kriging estimators are all variants of linear regression estimators, also known by 

the acronym BLUE for best linear unbiased estimator. Kriging is "best" in the sense that 

kriging minimizes the error variance. Kriging is linear because its' estimates are a 

weighted linear combination of the sampled data values. Kriging is unbiased since it tries 

to have a residual mean or the mean estimation error equal to zero. Kriging is also an 

exact interpolator in that the resulting estimated realization honors the sampled data 

values. 

There are three main types of kriging estimators commonly used in the practice of 

geostatistics; simple kriging, ordinary kriging, and universal kriging. Simple kriging 

assumes a stationary and known mean over the total study area. However, the local mean 

can vary significantly over the study area. In these cases ordinary kriging is used. 
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Ordinary kriging accounts for local fluctuations of the mean by limiting the stationarity 

of the mean to local neighborhoods centered on the location being estimated (uo). 

Universal kriging allows for kriging data that displays a trend (drift) in the mean that can 

not be accounted for as local variations of the mean. Ordinary kriging is usually preferred 

to simple kriging because it does not require the knowledge and the stationarity of the 

mean over the entire study area. In this study, ordinary kriging is used and therefore the 

following discussion of kriging is with respect to ordinary kriging, although simple 

kriging and universal kriging are both variants of the same basic concepts utilized in 

ordinary kriging. 

4.2 Unbiasedness Condition 

For the kriging estimator to be unbiased, the expected value of the estimation 

error must be zero. At every estimated location a weighted linear combination of sampled 

data is used as an estimator: 

n 

z(uo) = L wi z(uJ ( 4.1) 
i=l 

where z(uo) is the estimated value at location u0 and n is the number of sampled data 

values. The set of weights changes for estimates at different locations. The average error 

of a set of k estimates is defined as: 

k k 

mR = K Lri =KL {z(u)-z(u)} (4.2) 
i=l i=l 
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where ri is the error residual of the i1h estimate. Taking the expected value and setting it to 

zero would not lead to the unbiasedness condition since the true values Zi, ... , Zn are not 

known. In order to get around this conceptual dead end, the problem is recast in terms of 

the conceptual random function model. 

"The probabilistic solution to this problem consists of conceptualizing the 

unknown values as the outcome of a random process and solving the problem for our 

conceptual model. For any point at which we attempt to estimate the unknown value, our 

model is a stationary random function that consists of several random variables, one for 

the value at each of the sampled locations, Z(u1), ... , Z(un), and one for the unknown 

value at the point we are trying to estimate, Z(u0). Each of these random variables has the 

same probability law; at all locations, the expected value of the random variable is 

E{Z(u)}. Any pair of random variables has a joint distribution that depends only on the 

separation between pairs of random variables separated by a particular distance, h, is 

Cov(h)" (Isaaks and Srivastava, 1989, pg280). 

In our conceptual model the known sampled values z(u1), ••• , z(un) are 

considered as outcomes of an RVs Z(u1), ..• , Z(un). A linear combination of RVs is 

itself an RV. Hence, the estimate at u0 is also an RV since it is a weighted linear 

combination of the RVs at the sampled location: 

n 

Z(u0 ) = LAi Z(uJ 
i=l (4.3) 
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The estimation error, which is also a weighted linear combination of RVs is 

therefore an RV defined as: 

(4.4) 

Substituting Equation 4.3 into Equation 4.4, the estimation error is expressed solely in 

terms of the n+ 1 RVs; n RVs at the sampled locations and one RV at the estimation 

location, as: 

n 

R(u0 ) = LAi Z(uJ-Z(u0 ) (4.5) 
i=l 

A 

The estimation error of the RV Z(u0) after it is estimated at the unknown location, is an 

outcome of the RV R(u0). To satisfy the unbiasedness condition, the expectation of R(u0) 

must be zero. Taking the expected value of the estimation error results as the following: 

n 

E{R(u0 )} = E{ LAi Z(uJ-Z(u0 )} 

i=l 

n 

= LAi E{Z(uJ}- E{Z(u0 )} (4.6) 
i=l 
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If the RF is stationary, then the expected value of E{Z(ui) = E{Z(uo)} = E{Z}. 

The mean of the RF model is constant and hence not a function of location. Applying this 

property to Equation 4.6 and then setting it to zero results in: 

n 

E{R(u0 )}= LAi E{Z}-E{Z}=O 
i=l 

n 

LA,j E{Z} = E{Z} 
i=l 

(4.7) 

Therefore, if the sum of the weights is equal to one, the kriging estimate will be unbiased. 

4.3 Ordinary Kriging Variance 

Kriging is known as the "best" estimator in the sense that it produces estimates 

that minimize the error variance. The error variance ( O'R 2) of a set k estimates in terms of 

residuals can be written as: 

k 

cr ~ = K L (ri - mR )2 
i=l 

k k 

= XL{(zi -zJ- KL(zi -zJ}2 

i=l i=l 
(4.8) 

It may be assumed that the mean error (mR) is zero because of the unbiasedness condition 

then: 

k 

a~= KL(zi -zJ2 

i=l 
(4.9) 
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Again, since the true values z1, ... ,Zi are unknown, the problem must be solved 

in terms of the conceptual RF model as was done for the unbiasedness problem. Although 

the actual variance cannot be minimized, the variance of the estimation error modeled as 

the RV R(u0) can be minimized. In order to minimize the variance of the estimation error, 

an expression for the variance of the RV R(u0) needs to be established and then the 

various first partial derivatives must be set to zero. 

The following information is available to obtain an expression for the variance of 

the estimation error. There are (n+l) RVs, n RVs that model the spatial variability of the 

attribute and one RV that models the behavior of the attribute at the estimation location. 

The weighted linear combination of the RVs at the sampled location will be the 

estimator: 

n 

Z(uo) = L..i.zcui) ( 4.10) 
i=l 

The residual error is defined as: 

R(u0 ) = Z(u0 )- Z(u0 ) ( 4.11) 

The variance of a weighted linear combination is defined as: 

n n n 

Var{LA. Zi} = LLCov{Zi Zj} ( 4.12) 
i=l i=l )=1 



Applying Equation 4.12 to Equation 4.11 results in the following: 

Var{R(u0 )} = Cov{Z(u0 ) Z(u0 )}- Cov{Z(u0 ) Z(u 0 )}- Cov{Z(u0 ) Z(u0 )} 

+ Cov{Z(u0 )Z(u0 )} 
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= Cov{Z(u
0

) Z(u0 )}- 2 Cov{Z(u0 ) Z(u0 )} + Cov{Z(u0 ) Z(u 0 )} ( 4.13) 

The first term in Equation 4.13, Cov{Z(u0) Z(u0)}, is the covariance with itself and is 

A 

equal to the variance of Z(u0). This is a weighted linear combination. See Equation 4.10. 

Applying the variance of a weighted linear combination definition to Z( uo) results in: 

n n n 

Var{Z(u0 )}=Var{LJi Z(uJ} = LLCov{Z(uJZ(u)} (4.14) 
i=l i=l J=l 

Applying Equation 4.10 to the second term of Equation 4.13 and using the definition of 

the covariance results in: 

n 

2 Cov{Z(u0 ) Z(u0 )} = 2{[LJi Z(uJ] Z(u 0 )} 

i=l 
n n 

= 2E{LJi Z(uJ Z(u0 )}-2 [E{LJi Z(uJ E{Z(u0 )} 

i=l i=l 
n n 

= 2 E LJiE{Z(uJ Z(u0 )}-2 E LJi E{Z(uJ} E{Z(u0 )} 

i=l i=l 
n 

= 2 E LJiCov{Z(uJ Z(u0 )} 

i=l 
( 4.15) 

The third term in Equation 4.13 is the covariance of the RV Z(u0) with itself and is equal 

to the variance of the Z( u0). If it is assumed that all the RVs used in the RF model have 

the same variance (c?), then the third term can be written as: 

( 4.16) 
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In combining these three terms, the following expression is obtained for the error 

variance: 

n n n 

cri =cr 2 + LLA;,\Cov{Z(uJZ(u)}-2 L,,1,iCov{Z(uJZ(u0 )} ( 4.17) 
i=l j=l i=l 

After the RF model for the covariance function has been selected, Equation 4.17 

expresses the error variance as a function of n-variables, namely the weights At, ... , An. 

The minimization of an n-variable function is accomplished by setting the first n 

partial derivatives to zero. Due to the constraint of the unbiasedness condition, where the 

sum of the weights must equal one (Equation 4.7) this minimization becomes a constraint 

optimization problem. Using the technique of Lagrange parameters solves the solution to 

this constraint optimization problem. The technique of Lagrange parameters converts a 

constrained minimization into an unconstrained one. 

There are n equations with n-unknowns. By adding the unbiasedness constraint, 

there will be n+ 1 equations and n unknowns, the solution of which is not straightforward. 

To avoid this problem, a Lagrange parameter is introduced to obtain n+ 1 equations and 

n+ 1 unknowns in the following manner: 

n n n n 

cri =cr 2 + LLA;A.1Cov{Z(uJZ(u)}-2LAiCov{Z(uJZ(u0)}+2µ(L~ -1) (4.18) 
i=l j=l i=l i=l 
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The equality of Equation 4.18 is not changed since the sum of the weights in the last term 

adds up to one, therefore the added term with the Lagrange parameter µ sums to zero. 

The minimization of Equation 4.18 will produce a set of weights (kriging weights) that 

minimizes the estimation error variance a/ ( ordinary kriging variance) under the 

unbiasedness constraint that the sum of the weights equals one. 

To minimize the error variance, the n+ 1 first partial derivatives of a/ with 

respect to the weights A 1, . . . , An are taken and set to zero. To set the first partial 

derivative of aR 
2 with respect to µ will produce the unbiasedness condition. The set of 

these two resulting equations is known as the system of ordinary kriging equations. 

Taking the first partial derivative of a/ (Equation 4.18) with respect to µ and 

setting the result equal to zero results in the following familiar unbiasedness constraint: 

n 

8(2µ[L Ai -1]) 
8(cr !J i=I ---=------aµ aµ 

i=l 

( 4.19) 
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Expanding the double summation in the second term of Equation 4.18 and dropping all 

the terms that do not have the weight A1 in it and then taking the first partial derivative 

with respect to the weight A1 results in the following equations: 

n n n 

8[LL2i21Cov{Z(uJ Z(u)}] 8[2/ Cov{Z(u1) Z(u1)} + w2iL21 Cov{Z(u1) Z(u)}] 
i=l j=l }=2 = 

n 

= 22iCov{Z(u1) Z(u1)} + 2 L21 Cov{Z(u1) Z(u)} 
}=2 

n 

= 2L2i Cov{Z(u1) Z(u)} ( 4.20) 
J=l 

The third term on the right hand side of Equation 4.18 has only one term involving A.1: 

The last term of the right hand side of Equation 4.18 also has only one term with A.1: 

(4.22) 

The first partial derivatives of the error variance crR 
2 can be written as: 

( 4.23) 



Setting Equation 4.23 to zero and rearrange the results in the following equation: 

n 

LJiCov{Z(u1) Z(uj)} + µ = Cov{Z(u1) Z(u0 )} 

j=l 
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(4.24) 

Now differentiating with respect to the other weights, which give similar results, namely: 

n 

Liicov{Z(u1) Z(uj)} + µ = Cov{Z(u1) Z(u0 )} 

j=l 

M M 
n 

LJiCov{Z(uJ Z(u)} + µ = Cov{Z(uJ Z(u0 )} 

j=l 

M M 
n 

Liicov{Z(un) Z(u)} + µ = Cov{Z(un) Z(uo)} 
j=l 

( 4.25) 

The set of weights that minimizes the estimation error variance under the unbiasedness 

constraint therefore satisfies the following n+ 1 system of ordinary kriging equations: 

n 

Liicov{Z(u1) Z(uj)} + µ = Cov{Z(u1) Z(u0 )} 

j=l 

Vi= 1, ..... , n 

( 4.26) 
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The ordinary kriging equations can be written in matrix form as: 

C w = D 

c11 A cln 1 Ai CIO 
M 0 M 1 M M 

= 
cnl A cnn 1 An Cno 
1 1 1 0 µ 1 (4.27) 

where C10 is shorthand for Cov{Z(u1) Z(u0 )}. The solution for the set of weights that will 

produce a unique solution that is unbiased and has the minimum estimation error variance 

1s: 

C·l=D 

c-• ·C·l =C-1 ·D 

I ·l = c-• · D 

l =C-1 ·D ( 4.28) 

Choosing a positive definite RF model, which models the spatial variability inherent to 

the attribute being estimated, ensures the uniqueness of this solution. 

The set of weights that minimize the kriging variance is known. In order to obtain 

the actual value of the kriging variance at the estimated location, Equation 4.18 must be 

solved for crR
2

. The kriging variance crR
2 is simplified through algebraic manipulation and 

written in terms of the Lagrange parameter as follows: 

n 

O"i = 0"2 -(LAiCiO + µ) 
i=l (4.29) 



This can be written in matrix form as: 

a2 = a2 - A. D 
R 

52 

( 4.30) 

"Because kriging variance is based on a global vanogram averaged over the whole 

estimation domain, it cannot properly measure local data dispersion. It is important to 

recognize that the nature of the phenomenon under study may vary from one locality to 

the next" (Isaaks and Srivastava, 1989, p. 561 ). "Kriging variance is homoscedastic, i.e., 

A 

it is independent of the data values used to obtain the estimator Z(u0)" (Olea, 1991). The 

ordinary kriging variance depends on the sampled data configuration and the random 

function model, but not on the sampled data values. 

For the ordinary kriging variance to be the actual "error" variance, the error 

distribution must be Gaussian and the actual error must be homoscedastic. 

Homoscedasticity is rarely met in reality, therefore it is best to consider the ordinary 

kriging variance as a qualitative indicator of the estimator and not an exact "error" 

variance of the estimator. 
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4.4 Stochastic simulation of local uncertainty 

"The random function approach amounts to modeling jointly the two unknown 

values z(u1) and z(u2) as realizations of the two spatially dependent random variables 

Z(u1) and Z(u2). Building on this random function model, one can access uncertainty at 

these locations in essentially two ways: 

1. Compute the m1mmum error variance estimates, say, i(u1) and i(u2), of the 

unknown values and derive the corresponding confidence interval often arbitrarily 

assumed Gaussian. 

2. Model the local probability distribution of the two random variables Z(u1) and 

Z(u2)" (Goovearts, 1997, p. 259). 

When computing the minimum variance estimate (i.e. kriging) and the 

corresponding kriging variance, the variance is used to derive a confidence interval 

centered on the estimated value. The 95% confidence interval is often expressed as plus 

or minus two standard deviation about the mean, where the mean is the minimum 

variance kriging estimate and the standard deviation is derived from the kriging variance. 

This is a straightforward method, but it requires two stringent assumptions discussed in 

the previous section. 
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The normality assumption implies that the error distribution is symmetric. In 

practice, true values tend to be over estimated in low-valued areas and underestimated in 

high valued areas. Hence, the local error distribution tends to be positively or negatively 

skewed. The second assumption of homoscedasticity is rarely met in practice. In reality, 

in areas where there is a large variability in data values the uncertainty is expected to be 

greater than in areas where there is a low variability in data values. 

A better approach to estimating the local uncertainty is to model the local 

probability distribution of each random variable at each location where an estimate is 

required. To model the uncertainty, the random variable concept is used, where the 

random variable Z(u) models the uncertainty about z(u). 

The distribution function is made conditional to the information available (n); the 

conditional distribution function ( ccdf) is defined as: 

F(u; z I (n)) = Prob{Z(u) ~ z I (n)} ( 4.31) 

The conditional distribution function fully models the uncertainty at any location u in the 

sense that the any probability interval can be derived, such as: 

Prob{Z(u) E (a, b] I (n)} = F(u;b I (n))-F(u;a I (n)) ( 4.32) 

"Note that these probability intervals are independent of any particular estimate z(u) of 

the unknown value z(u). Indeed, uncertainty depends on the information available, not on 
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any particular optimality criterion retained to define an estimate" (Goovaerts, 1997, p. 

262). 

Multiple samples are needed in order to come up with a conditional distribution 

function at any one location where a description of uncertainty and/or an estimate is 

required. Multiple realizations are needed to describe the uncertainty at every location in 

the area of study. Stochastic simulation is used to obtain alternative equally probable 

multiple realizations, and from these an expression for the uncertainty and/or estimate is 

derived at each location in the area of interest. 

The multi-Gaussian approach is the most commonly used to simulate equally 

probable conditional or unconditional realizations. The reason is that this is a parametric 

model and can be fully described by the mean and variance. "Under the multi-Gaussian 

model, the mean and variance of the ccdf at location u are identical to the simple kriging 

estimate z*sK(u) and the simple kriging variance cr\K(u) obtained from the n(u) data 

z(ui)" (Joumel and Huijbregts, 1978). The ccdf is then modeled as: 

[G(u ;z I (n))];K= G(z - Zs~ (u)J 
cr sK (u) ( 4.33) 

where 

n(u) 

Zs~ (u) = m(u) + LA st (u) [z(ua)- m(ua)] 
a=l 

( 4.34) 
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n(u) 

as~ ( u) = CR (0) - LA !K ( u) CR ( ua - u) 
a=l 

( 4.35) 

Then the solution to the ccdf at any location is the simple kriging system of equations. 

The problem is that the data must have a multi-Gaussian distribution and the sample 

histogram must be normal. 

Most variables in the earth sciences have an asymmetric distribution, which 

usually displays a positive skewness. Hence, the data usually will have to be transformed. 

The standard normal score transform is applied, where the mean of the data set is 

subtracted from each data value and then divided by the standard deviation of the data 

set. The normal score transform is valid under the condition that the transform function 

increases monotonically. In other words, there is a one to one correspondence between 

the cumulative distribution functions of the original and the standard normal variable. 

The normal score model variogram is used to solve the kriging equations at each 

of the locations for each of the multiple equally probable realizations. The normal score 

realizations are then back transformed. Then, for each location, there is a simulated local 

conditional distribution from which error statistics can be derived. The estimation error of 

each of the simulated local distributions can be summarized using the variance or the 

standard deviation, provided that enough realizations are simulated. Therefore, the 
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stringent assumptions that the error distribution is symmetrical and that the data set is 

homoscedastic are not necessary. 

4.5 Kriging with a Actual Data Set 

The kriging theory presented thus far was in terms of the conceptual RF model in 

order to obtain an expression for the kriging equations and kriging variances. To actually 

solve the kriging equations in term of the actual sampled data set the following procedure 

is employed. The sampled data set is used to calculate the experimental variogram, which 

is subsequently modeled with one of the previously described positive definite functions, 

trying to best capture the spatial variability inherent to the attribute being estimated. 

The fitted RF model describing the spatial variability in terms of the variogram is 

converted into a covariance model. The covariance model depends only on the lag 

distance between data pairs. The covariance matrix (C) is then solved for the distance 

between every sampled data pair. The covariance vector (D) is calculated for the distance 

between all the data pairs and the estimation location. Equation 4.28 is then solved for the 

kriging weights. Substituting the kriging weights into the estimator Equation 4.1 a 

weighted linear combination of kriging weights with the corresponding sampled data 

values is obtained and used to calculate the actual estimate at the unsampled location. 

Knowing the kriging weights, the kriging variance can be calculated using Equation 4.30. 

This process is repeated for locations where an estimate is desired. 
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5.0 SEQUENTIAL SELF-CALIBRATION METHOD 

5.1 Introduction 

The calibration of a flow model is traditionally done by trial-and-error method, 

where the transmissivity zones or values are adjusted by the modeler based on his or her 

expertise. Based on the trial and error obtained transmissivity zones the flow equations 

are solved and then the modeled generated head is compared to the observed head. A 

more automated and efficient approach is inverse modeling, such as Sequential Self

Calibration (SSC). SSC is an iterative, geostatistical-based inverse technique that 

generates multiple equally likely realizations of transmissivity fields that honor both 

transmissivity data points and observed spatial structure while it iteratively attempts to 

honor head data through optimization. The following explanation of SSC method theory 

draws upon the works of J. Jaime Gomez-Hernandez, Andres Sahuquillo, Jose E. Capilla, 

and X.H. Wen. 

An overview of the SSC algorithm is shown by the flowchart in Figure 5 .1, and 

the methodology consists of the following steps: 

1. Generate a conditional realization of transmissivity honoring the measured 

transmissivity and preserving the spatial variability observed in the field. 
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Figure 5.1 
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2. Solve the flow equation for the time dependent constant head and/or flux 

boundary conditions and well pumping rates. 

3. Modify, if necessary, the transmissivity realization and, possibly, the boundary 

conditions to achieve the conditioning to the head data. 

4. Repeat steps 1 and 3 as many times as necessary. 

5.2 Data Requirements and Assumptions of Sequential Self-Calibration Algorithm 

The SSC method requires the following data input: 

1. Measured transmissivity data and its variogram; 

2. Measured head data; 

3. Model boundary conditions, either constant head or flux; 

4. Pumping rates of the wells, and; 

5. Additional conditioning data which could include the transmissivity histogram. 

The SSC method uses the following simplifying assumptions: 

1. The transmissivity realizations are generated over a grid with square blocks; 

2. The support of the data is on the same order of magnitude as the size of the grid 

blocks; 

3. The finite difference method is used as the numerical solution for the groundwater 

flow equation; 

4. A prior estimate of the In transmissivity variogram is known, and; 
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5. A limitation of the public domain software used for this thesis is that the model 

area must be rectangular and single-phase flow. 

SSC is a geostatistical-based method, which allows the uncertainty to be 

estimated using stochastic simulation. In this case, unconditional multi-Gaussian 

stochastic simulations are used to generate the multiple transmissivity realizations 

necessary for the uncertainty analysis. The reason for not using conditional multi

Gaussian simulation is that the SSC conditions the data as a preliminary step in the 

algorithm. See SSC flowchart in Figure 5.1. 

5.3 The Sequential Self-Calibration Algorithm 

The SSC algorithm reqmres an initial input realization of a conditional 

transmissivity field. The initial transmissivity field is used to solve the flow equations, 

applying a block-centered, 5-point finite difference method for a given set of time 

dependent flux or constant head boundary conditions and pumping rates. A direct band

matrix solver is used to solve the system of flow equations. The modeled head at each 

well is determined using the Peaceman's formula (Peaceman, 1977). 
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The modeled head is compared to the sampled head in the objective function: 

(5.1) 

where W w(t) are weights that can be assigned based on the accuracy of the data. Then the 

objective function (<l>) is iteratively minimized by perturbing the transmissivity field to 

condition the modeled head to the measured head. 

To reduce the parameter space that needs to be "optimally" perturbed, the concept 

of "master points" is utilized. The master points are a small subset of the transmissivity 

realization. The optimal perturbations are then calculated only for these master points. 

The perturbations are then propagated to all of the grid cells by kriging. The locations of 

the master points are randomly selected and randomly moved after a prescribed number 

of iterations if the objective function is not improving. 

The number of master points used is based on the number of wells and the 

correlation range of the data. More master points are required for more wells and shorter 

correlation ranges. "Our experience shows that two or three master points per correlation 

range in each direction are sufficient for most applications" (Capilla et al, 1998). The 

perturbation at the master points constrained by a "constraint coefficient" equal to a 

multiple of the kriging variance. A constraint interval of 4 allows the master points to be 

perturbed by a factor of 4 times the kriging variance of that location. 
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A larger constraint interval allows greater variation in the simulated transmissivity 

field. Note that the kriging variance is smaller in areas of ample data and larger in areas 

of limited data. Therefore the actual perturbation of the master points is not constant over 

the domain. In areas where the transmissivity is well defined, the master points don't vary 

as much and thereby preserving the geostatistical characteristics of this well-defined area. 

On the other hand, in areas of limited data the master points may vary more if this 

improves the calibration. The conditioning of the actual measured transmissivity data 

values is achieved by including them as master points with a "constraint coefficient" of 

zero. 

"To calculate the optimal perturbation, a modified gradient method is used" 

(Gomez-Hernanez, 1997). This requires the calculation of the sensitivity coefficients at 

each of the master points: 

i = 1, ... , N, and <l> = objective function (5.2) 

where N is the number of master points and <l> Equation 5.1 is the objective function. A 

linear relation is assumed between the transmissivity and head. This is approximated by 

the first order expansion of the Taylor series. Due to this linear assumption, even when 

the optimal perturbation reduces the objective function sufficiently close to zero, the 

heads might not honor the data due to higher order effects of the non-linear relationship 

between transmissivity and head. Therefore, after the results of the optimization problem, 
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the flow equations are solved again without the linear assumption and the objective 

function is re-evaluated. This is done to check if the final transmissivity realization does 

indeed cause the head to honor the data, within the preset limits. The SSC algorithm 

sequence is repeated until the objective function is sufficiently close to zero or the 

maximum number of outer iteration has been exceeded. 

The stochastic uncertainty analysis is achieved by putting in a large number of 

unconditionally simulated transmissivity fields and running the SSC algorithm for each 

of these realizations. Hence, the local mean and the variance can be ascertained for each 

of the grid cells in the model area rather than relying on the kriging variance as a measure 

of uncertainty. 
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6.0 SEQUENTIAL SELF-CALIBRATION OF NORTH A VRA VALLEY 

6.1 North Avra Valley Groundwater Flow Model Description 

The North A vra Valley ground water flow model is based on a prev10us 

developed MODFLOW model by T. C. Jim Yeh and Peter A. Mock (1995) (see Figure 

6.1 ). This model consists of both North and South A vra Valley. The distinction between 

North and South Avra Valley is based on the differences in geology present. The 

North/South Avra Valley Model (North/South Model) was used to calibrate the various 

boundary conditions against the uniform geometric mean transmissivity field, while 

incorporating the entire A vra Valley flow regime. After the calibration of the boundary 

conditions, the North Avra Valley Model (North Model) was obtained through the 

telescopic mesh refinement option in Groundwater Vistas. A few small geometric 

changes were made with respect to the North Avra Valley part of the T. C. Yeh and Peter 

A. Mock model. This was done because the SSC public domain code available requires a 

rectangular grid. See Figure 6.2. The changes were made as such that they did not 

significantly affect the overall calibration statistics of the T. C. Yeh and Peter A. Mock 

model. 

The North/South Model was used to calibrate the boundary conditions using an 

effective transmissivity. "The effective transmissivity for statistically homogeneous two

dimensional aquifers under steady state uniform flow conditions is the geometric mean 
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Figure 6.1 
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Figure 6.2 
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(Yeh & Mock, 1995)." The transmissivity data for North Avra Valley has a geometric 

mean of 17,700 ft2/day and South Avra Valley has a geometric mean of 7,200 ft2/day. 

There are three boundary conditions in the North/South Model; the Three Point inflow 

constant flux boundary in the southwest, the Rillito inflow constant flux boundary in the 

northeast, and the Picacho Peak outflow constant head boundary in the northwest. 

The boundary conditions for the North/South Model were adjusted to minimize 

the bias in the simulated head. The bias represents the variance between the simulated 

head and the observed head. A model independent automated parameter optimization 

program, PEST version, was used to adjust the flux boundary conditions to minimize the 

bias. PEST is commonly used in the industry for groundwater flow model calibration. 

PEST uses the Guass-Maquart-Levenberg algorithm for the optimization. The reader is 

referred to the PEST manual, readily available online, for more detailed information 

about PEST and the input parameters required for this program (Watermark Numerical 

Computing, 2000). 

The initial estimates of the boundary condition for the North/South Model were 

based on the values used in the T. C. Yeh and Peter A. Mock model, and PEST adjusted 

these boundary conditions to minimize the bias. The upper and lower bounds for the 

constant head boundary condition for the Rillito outflow was 1,620 +/- 50 feet. The final 

calibration result using PEST was 1,597 feet. The upper and lower limits used by PEST 

to adjust the flux boundary conditions were +/- 50 % of the values used by the T. C. Yeh 
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and Peter A. Mock model. The calibration by PEST reduced the sum of squares of the 

residual head from approximately 528,000 ft2 to 126,000 ft2
. The results for the 

individual boundary condition cells used in the model are shown in the Table 6.1 , and the 

results for the total flow through the boundary conditions are shown in Table 6.2. These 

PEST calibrated boundary conditions for the North/South Model are used as the initial 

boundary conditions for the North Model. 

Applying the initial calibrated estimates for the boundary conditions based on the 

entire flow regime in Avra Valley from the North/South Model, the North Avra Model 

was developed. The North Model shares the same grid size and layer setup as the 

North/South Model. The North Model is a single layer steady state flow model. The grid 

size is one-square mile and the model is a square of 16 by 16 cells. See Figure 6.3. The 

North Model was obtained from the North/South Model by using a telescoping mesh 

refinement option in Groundwater Vistas. Telescopic Mesh Refinement (TMR) allows a 

user to create a subset model from a larger model. Groundwater Vistas will calculate the 

values for the appropriate boundary conditions created at the edge of the subset model. 

The North/South Model is split in half along the geologic boundary of different 

transmissivities. The geometric mean transmissivities are 7,200 ft2/day in the South and 

17,700 ft2/day in the North. Due to this split, an east-west constant flux boundary is 

created. This artificial constant flux boundary is the 11 cell southern boundary in the 

North Model. These constant fluxes were calculated by Groundwater Vistas using the 
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Boundary Condition Cells Values for North/South Avra Valley Model 

I 

I Initial 
Lower Upper 

Calibrated Calibrated 
Boundary Type 

: (ft'/day) 
Limit Limit 

Flow (ft3/day) Head (ft) 
(ft3/day) (ft3/day) 

Rillito Outflow Constant 
1,620 1,570 1,670 1,597 

Head 
Rillito Inflow Flux 362,500 181 ,300 543 ,800 181 ,300 
Rillito Inflow Flux 362,500 181 ,300 543 ,800 181,300 
Rillito Inflow Flux 362,500 181 ,300 543,800 528,546 
Rillito Inflow Flux 362,500 181 ,300 543,800 395,309 

Three Point Inflow Flux 206,000 103,000 309,000 309,000 
Three Point Inflow Flux 206,000 103,000 309,000 267,819 
Three Point Inflow Flux 206,000 103,000 309,000 103,000 
Three Point Inflow Flux 206,000 103,000 309,000 103,000 
Three Point Inflow Flux 206,000 103,000 309,000 103,000 

Table 6.1 

Constant Flux Boundary Conditions for North/South Avra Valley Model 

I 
Boundary 

I 
Initial Total Flow Calibrated Total Flow 

(ft3/day) (ft3/day) 

Rillito Inflow 1,450,000 1,286,455 

Three Point Inflow 1,030,000 885,819 

Table 6.2 
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TMR option. An apparent error in Groundwater Vistas resulted in the calculation of only 

the 10 most eastern cells. The 11th cell was extrapolated by doing a trend analysis of the 

4 adjacent cells. See Table 6.3. The results for the total flow through the boundary 

conditions are shown in Table 6.4. The sum of square residuals head is 2,903 ft2
, and a 

relative error (head standard deviation divided by the range in head) of 3.86 %. This is, 

by most standards, a good calibrated model. 

Groundwater Vistas uses hydraulic conductivity as an input aquifer parameter. 

Hence, for the purpose of modeling, a one-foot thick layer is assumed in order to use the 

available transmissivity data as if it were hydraulic conductivity. This was done because 

there was no thickness data available. 

The SSC public domain code requires grid centered target values and it does not 

calibrate target values in the boundary cells. Therefore, the well locations in the North 

A vra Valley model were centered on the grid. If there were multiple wells in one grid 

cell, the average value of these wells was centered on the grid. The wells that fell in the 

boundary condition cells were removed. There are 33 target head values centered and 

averaged in the North Avra Valley model. See Figure 6.3. 
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I 

Initial Values for North Avra Model Boundary Condition Cells 

I 
Boundary Type 

I 
Initial Value Initial Value 

(ft3/day) (ft) 

Pichaco Peak Outflow Constant Head 1,597 
Rillito Inflow Flux 181,300 
Rillito Inflow Flux 181,300 
Rillito Inflow Flux 528,546 
Rillito Inflow Flux 395,309 

South Constant Flux 111,4901 

South Constant Flux 106,085 1 

South Constant Flux 81,9291 

South Constant Flux 96,236 1 

South Constant Flux 98,911 1 

South Constant Flux 100,648 1 

South Constant Flux 102,6291 

South Constant Flux 91,269 1 

South Constant Flux 64,528 1 

South Constant Flux 34,26i 

South Constant Flux 16,0002 

1 Values obtained from TMR option. 
2 Value was obtained by trend analysis. 

Table 6.3 
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I Constant Flux Boundary Conditions for North Avra Valley Model 

I Boundary II Total Flow (ft3/day) 
I 

Rillito Inflow 1,286,455 

Southern Inflow 903,991 

Table 6.4 



75 

North Avra Valley Sequential Self-Calibration Description 

The usual process is to calibrate the inflow and outflow boundary conditions against the 

uniform geometric mean of the hydraulic conductivity field. After the boundary 

conditions have been adjusted to minimize head residuals, these boundary condition 

values are then used to calibrate the transmissivity field. This is a two step process. 

In this two step process, changes made to the inflow and outflow boundary 

conditions are not based on the simultaneous interactions of all parameters as seen in the 

final model. The final model incorporates a realistic geostatistical based transmissivity 

field, not a uniform geometric mean one. Hence, the subsequent calibration of the 

transmissivity field is based on inflow and outflow boundary conditions that were 

optimized using a condition (geometric mean In T field) that does not exist in the final 

model. This two step approach therefore approximates a one step calibration of a model, 

where this one step calibration takes all the parameters and their interaction 

simultaneously into account. 

A "one step" calibration process would be able to adjust the inflow and outflow 

boundary conditions to see how those changes propagate through the transmissivity 

calibration, and effect the final calibration of the model with respect to the head residuals. 

This one-step process would comprehensively consider the simultaneous interactions 
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between the boundary conditions, hydraulic conductivity field, and the head. The way to 

approximate this is with PEST running in series with SSC. 

When PEST and SSC are run in series, PEST will adjust the inflow and outflow 

boundary conditions and those changes are propagated through SSC optimization and 

their combined effect will be optimized against the measured head. Only if those 

combined changes in boundary conditions and the resulting optimized transmissivity field 

improves the residual head, is the objective function reduced. In essence, the boundary 

conditions are dynamically filtered through the measured transmissivity data and the 

optimized geostatistical realizations based on this data. In other words, the boundary 

conditions are conditioned to the measured transmissivity data and its geostatistical 

characteristics and the head simultaneously. The result in the case of North Avra Valley 

Model is that all the parameters involved and their interactions are used to improve the 

model calibration. 

Serial PEST-SSC calibration procedure works because both the PEST 

optimization (outer iterations) and the SSC optimization (inner iterations) have the same 

objective function, which minimizes the sum of square head residuals. Also, the SSC 

optimization is only affected by the changes in boundary conditions. All the other initial 

conditions that might affect SSC results are kept constant for all the iterations. The end 

result is a set of boundary conditions that are calibrated against the final optimized 
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transmissivity realization that is used in the model, and not some in between step uniform 

geometric mean transmissivity field. 

PEST reads the SSC initial transmissivity field and then it runs the SSC model 

twice for each parameter it needs to optimize. PEST performs these model runs to 

calculate the Jacobian matrix or sensitivity matrix for the set of parameters that need to 

be optimized. For the Jacobian matrix calculations, the boundary conditions and the 

resulting transmissivity field after the SSC optimized run are the same for all the 

subsequent runs needed. Again, the results of the SSC optimization are only affected by 

the changes in boundary conditions. 

PEST, using the Jacobian matrix, tries various perturbations to the adjustable 

parameters in this case the boundary conditions for the North Avra Valley Model. PEST 

changes the inflow and outflow boundary conditions in the input file for the SSC model, 

and runs the SSC program to optimize the transmissivity field. Then, the set of boundary 

conditions is selected (that in series with the SSC optimization) produces the smallest 

objective function. PEST repeats this whole process with this new set of boundary 

conditions and transmissivity field until no further significant improvements can be 

made. Therefore, PEST will only improve its objective function when the boundary 

conditions in conjunction with the updated transmissivity field improve the head 

residuals. A flow chart of the PEST and SSC calibration process is shown in Figure 6.4. 
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Figure 6.4 
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In the case of the North Model, PEST was used to optimize 16 parameters. The 

adjustable parameters included 11 Southern TMR calculated inflow constant flux 

boundary cells, 4 Rillito inflow constant flux cells and one Picacho Peak constant head 

outflow boundary. There are 16 parameters, therefore PEST needs to run SSC 32 times 

(outer iterations) to calculate the Jacobian matrix, and each SSC run consists of 50 model 

iterations (inner iterations). 

The reason that these two separate optimization programs are able work together 

is that they have the same objective functions and therefore will work together toward the 

same goal. Note however, that there are slight differences in the manner which the 

objective functions are calculated by these two programs. 

The SSC objective function is: 

<l> = W xy (t) [ hxy (f) - hxy (t)J2 (6.1) 

and the Win PEST objective function is: 

(6.2) 

Since the weight term is squared in PEST, but not in SSC, these objective functions are 

the same only if the head observations are assigned a weight of one. In the case of North 

Avra Valley model, which is a steady state model, the head terms in the objective 

function are not dependent on time as shown in Equation 6.1 and 6.2. 
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As stated before, in the outer iteration loop, PEST is only allowed to make 

changes in boundary conditions, and other variables that would affect the SSC results are 

kept constant. This might not seem intuitive since the master point locations in SSC are 

randomly selected and their perturbation depends on these locations. The perturbations of 

the master points are location dependent because the kriging variance changes with 

location. The allowable perturbation interval of a master point is a factor ( constraint 

interval) multiplied by the kriging variance. The reason why this apparent variation does 

not come in to play is twofold. First, each time PEST runs the SSC program the initial 

conditions like initial In T field is the same and are not updated by previous SSC model 

runs. Secondly, the random seed parameter that is specified in the SSC input parameter 

file is the same. Therefore, the sequence of changes of master point locations and their 

subsequent perturbations for each of the SSC 50 inner iterations is the same each time 

PEST opens and closes the SSC program for the 32 outer iterations required to calculate 

the Jacobian matrix. Therefore, the serial PEST-SSC calibration method will converge to 

a unique minimum objective function, for a set of given boundary conditions. In other 

words, the same resulting transmissivity field is obtained after the 50 SSC inner iterations 

for each of the 32 outer Jacobian matrix iterations. Only when PEST adjusts the boundary 

conditions does the SSC optimizations simulate different transmissivity fields. 

This serial PEST-SSC optimization can require a lot of computer time. In this 

case, on average, PEST ran 250 outer iterations and SSC ran 50 inner iterations for a total 

12,500 iterations, which took 30 minutes to run on a one giga-hertz processor computer. 
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The North Avra Valley Model is a simple steady-state model that took less than a minute 

to run. For more complicated models that take more time to run, parallel PEST could 

make it feasible to use this calibration method. Parallel PEST allows a network of 

computers to simultaneously optimize the same model, which approximately cuts the 

time by a factor of the number of computers involved, provided that they are the same 

speed. 

6.1.2 Sequential Self-Calibration and PEST Input Parameters 

The reason for isolating the North Avra Valley from the North/South model was 

to create a statistically homogeneous region with respect to the available transmissivity 

data. A variogram should be a summary statistic for a statistically homogeneous region, if 

the kriged field is to reproduce the spatial characteristics inherent of that region. The SSC 

method requires a variogram as an input. 

Generally, the natural logarithm transform of transmissivity data is used for 

variogram modeling and kriging, since transmissivity tends to have a log-normal 

distribution. There were 56 ln-transmissivity data values used for the variogram 

modeling. Various variogram models were tried, and a variogram model was selected 

based on cross-validation statistics. The various variogram models were compared based 

on the mean estimation error, mean squared error, normalized mean squared error, and 

the correlation coefficient between the true and estimated values. A spherical variogram 
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model was selected with a nugget of0.056 and a sill of 0.306, an anisotropy angle of 135 

degrees (i.e. northwest), with a major correlation range of 24,350 ft and a minor 

correlation range of 14,000 ft, because this model had the lowest mean error. See Table 

6.5. 

The SSC method was originally developed for the reservoir characterization in the 

oil industry at Stanford University. The public domain code for SSC requires input units 

standard in the oil industry. The following conversions were made from the water 

industry standards to the oil industry standards: 

1. The head was converted from units of feet to pressure per square 

inch (psi), where 1 foot of head equals 2.31 psi. 

2. The fluxes were converted from ft3/day to standard US oil barrel 

(STB), which is equivalent to 42 gallons. Therefore 1 ft3 /day equals 

0.17812 STB/day. 

3. The In transmissivities were converted In permeability (Ink) in units of 

milli-darcys, where lft/day equals 0.002439217 milli-darcys (md). 



""'3 
~ 
O" -~ 
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u. 

Model Nugget Sill 
Major Minor 
Range Range 

exponential 0.056 0.32 24,500 16,000 

spherical 0.092 0.267 20,400 14,000 

gaussian 0.124 0.238 16,575 11,100 

spherical 0.04 0.315 17,300 11,000 

spherical 1 0.056 I 0.306 I 24,350 I 14,000 I 

1 The variogram model selected for North Avra Valley for Use in SSC. 

Mean Estimation 
Mean 

Anisotropy 
Error 

Squared 
Angle 

(ft2/day) 
Error 

(ft2/day)2 

135 0.02 0.26 

135 0.04 0.27 

135 0.04 0.27 

135 0.02 0.27 

135 I 0.01 1 0.27 I 

Normalized 
Mean Square 

Error 

1.09 

0.86 

0.92 

1.41 

1.57 I 

Correlation 
Coefficient 

7.00 

0.53 

0.52 

0.53 

0.54 I 

00 
w 
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The relation of hydraulic conductivity to permeability is expressed in the following 

equation: 

T=Kb= bkp g 
µ (6.3) 

where p is the mass density of water, µ is the dynamic viscosity of water, g the is 

gravitational constant and b is aquifer thickness and is equal to one. The parameters p and 

µ are functions of the fluid alone and not a function of the aquifer medium. Permeability 

is a function of the aquifer medium. In order for the conversion from K to k to be a 

constant, the mass density and the dynamic viscosity must be assumed to be constant. For 

the purpose of this thesis, these fluid parameters are assumed to be constant, which is in 

general not an unreasonable assumption. The transmissivity is referred to as In T in the 

following discussion for the sake of simplicity, but it is understood that SSC actually uses 

log-permeability (In k) and back-transforms In k to k internally for the solution of the 

flow equations. 

The SSC code does not automatically interpolate the head and the In T data to the 

center of the grid and SSC requires In T and head targets to be grid centered. Therefore, 

the grid centering of the head and In Twas done manually. If multiple data values existed 

in one cell then the average was used. Also, SSC does not allow head or In T 

observations to fall inside the boundary condition cells, therefore those were removed. In 

the end, 33 head values and 39 In T data values were used as input for SSC to calibrate 
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the model against. Both SSC and PEST use weighting schemes for the observation data. 

However, all the data was assumed to be of equal importance and accuracy and were each 

weighted by a factor of one. 

Some important input parameters are discussed in the following paragraphs, but 

for the full implementation details of every input parameter for the SSC program, the 

reader is referred to an article in Computer & Geosciences, A Program to Create 

Permeability Fields that Honor Single-Phase Flow Rate and Pressure, by XH Weh et al, 

1999. SSC does an initial run where it conditions the In T data and selects master points 

locations. The average In T data was used as an initial field, rather then an already 

conditional kriged field. Similarly, the average head of the data was used as an initial 

input field over the entire domain. 

A sensitivity analysis was done to determine the best values for the rest of the 

input parameters. Parameter sensitivity was measured by changes in the head objective 

function. The number of master points to use was based on this sensitivity analysis and 

was determined to be 2 in the x-direction and 4 in they-direction. The number of outer 

iteration allowed before reassigning new master points at different locations was set to 2. 

The constraint interval for the perturbations performed on the master points is a factor 

which is multiplied by the kriging variance. In general, the larger the constraint interval is 

made, the smaller the head residuals become. This model fit to head observations comes 

at the expense of the preservation of the statistical characteristics of the In T data. A 
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larger constraint interval allows master points to vary more, so as a result, the simulated 

In T values will have a larger variance. In other words, an increase in the constraint 

interval produces more "extreme" In T values. 

A stochastic error analysis was performed for statistical comparison of the 

simulated In T realizations. Two hundred unconditional realizations were simulated using 

the GSLIB program LUSIM (Deutsch, Joumel, 1996, p. 146). This program requires a 

variogram model of the normal score transform of the In T data. The variogram model 

used was a spherical model with a nugget of 0.0016, a sill of 0.367, and the anisotropy 

angle of 135 degrees (i.e. northwest) with a major correlation range of24,350 ft and a 

minor correlation range of 14,000 ft. The results of the 200 simulations where then back 

transformed and used as an initial input for SSC. The reasons for using unconditional 

instead of conditional simulations is that the SSC program does an initial iteration where 

it assigns the master points and conditions the initial input field to the available In T data. 

As stated before, the PEST optimization program is commonly used with various 

types of numerical models, including ground water flow models. The reader is referred to 

the PEST manual (readily available online) for more detailed information about PEST 

and the input parameters required for this program. 
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7.0 SEQUENTIAL SELF-CALIBRATION RESULTS FOR NORTH AVRA 

VALLEY 

7.1 Introduction 

Two different calibration procedures were used to calibrate the North Avra Valley 

ground water flow model. The first approach is the "two step" process, where the inflow 

and outflow boundary conditions are calibrated against the uniform geometric mean field. 

Then, based on those boundary conditions, the In T field was optimized using SSC. In the 

"one step" calibration approach described in Section 6.2, the boundary conditions and the 

In T are simultaneously optimized using PEST and SSC in series. For both of these 

calibration approaches, various scenarios are run. The parameter that is varied is the 

constraint interval. The constraint interval controls the variability of the simulated In T 

field. 

7.1.1 Geometric Mean-SSC Calibration Approach (two step) 

In the "two step" calibration approach, the Rillito Inflow and Picacho Peak 

Outflow boundary conditions were calibrated against the uniform geometric mean field in 

the North/South Model using PEST and the Southern Inflow boundary conditions were 

determined using the TMR option in Groundwater Vistas. This procedure was described 

in Section 6.1. These initial boundary conditions were used in the SSC optimization for In 
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T, with constraint interval factors of 0, 1, 3, 5, 7, 9, 11, 13, and 15. The constraint interval 

is a factor (0, 1, ... , 15) multiplied by the kriging variance. Again, the constraint interval 

controls the variability of the simulated In T field. 

The In T realizations are geostatistical generated, and therefore the simulated 

values are exact and do not vary from the measured values, provided that there is no 

nugget effect in the variogram model. In order to get some sense of the behavior of 

simulated In T fields, a stochastic error analysis was performed for each of the nine 

constraint intervals. The average of the standard deviation values for the 200 realizations 

are reported as a measure of error. 

The results of the nine scenarios that were run are summarized in Table 7 .1. In 

general, the larger the constraint interval, the better the calibration with respect to the 

heads. The constraint interval relationship with respect to the head calibration does not 

hold for a constraint interval of 15. This might be due to the fact that the SSC 

optimization has too much room to vary In T and the objective function may become 

stuck in a non-optimum local minimum. Also, the larger the constraint interval, the 

greater the average In T standard deviation is from the stochastic error analysis. The sum 

of squared head residuals and the average In T standard deviation are negatively 

correlated with respect to the constraint intervals, and they have a correlation coefficient 

of -0.829. See Figure 7.1. 



SSC Calibration Results for Various Constraint Intervals 

Constraint Interval 

0 

1 

3 

5 

7 

3 

11 

13 

15 

SOSR is sum of squared residuals 

STD is standard deviation 

In T 
SOSR 
(ft2

) 

0 

0 

0 

0 

0 

0 

0 

0 

0 

Head Average In T 
SOSR STD of Error 
(ft2

) Simulation 

3578 0.247 

2138 0.268 

1162 0.378 

666 0.488 

543 0.604 

462 0.661 

423 0.739 

403 0.816 

414 0.845 
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Table 7.1 
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7.1.2 Serial PEST-SSC Calibration Approach (one step) 

For the calibration approach where PEST is run in series with SSC, nine scenarios 

with the same constraint intervals as used above in Section 7 .1.1 were performed. Since 

the boundary conditions are not constant and are part of the optimization, these changes 

need to be quantified. In order to quantify the boundary condition changes, the percent 

change of each boundary condition (i.e. Rillito Inflow, Rillito Outflow, and Southern 

Inflow boundaries) with respect to the initial boundary conditions are reported. The 

initial boundary conditions are those that were used in Section 7 .1.1 as described in 

Section 6.1. Also, the total absolute weighted percent change of the constant flux 

boundary conditions (i.e. Rillito and Southern Inflow boundaries), which represent the 

total inflow into the model, are included. The weight in the total absolute weighted 

percent change is based on the initial amount of flow each boundary contributes to the 

initial total flow. Initially Rillito Inflow Boundary contributes 83 .5 % and the Southern 

Inflow Boundary contributes 16.5 % of the total initial flow. The upper and lower 

parameter limits used in PEST to adjust the boundary conditions were arbitrarily set at+/-

50 percent of the initial boundary condition values determined in Section 6.1. 

The results of the nine scenarios that were run are summarized in Table 7 .2. In 

general, the same negative correlation, as in the previous calibration approach is 

observed. In this case, however, the head calibration does not improve with the constraint 

intervals of 13 and 15. The head and the average In T standard deviation are negatively 
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Serial PEST-SSC Calibration Results for Various Constraint Intervals 

In T Head 
Constraint 

SSOR SOSR 
Interval 

(ft2) (ft2) 

0 0 2443 

1 0 1313 

3 0 888 

5 0 598 

7 0 359 

9 0 347 

11 0 289 

13 0 300 

15 0 315 

SOSR is sum of squared residuals 

STD is standard deviation 

Absolute 
Average In T Weighted 

STD of Percent 
Error Change of 

Simulation Total Model 
Inflow 

0.243 49.8 

0.271 37.0 

0.382 23.7 

0.505 9.5 

0.600 6.5 

0.710 3.8 

0.784 1.6 

0.823 19.1 

0.880 12.9 

Percent 

Boundary 
Change in 
Boundary 
Conditions 

Rillito Inflow 21.8 

South Inflow 5.3 

Rillito Outflow -2.7 

Rillito Inflow 21.4 

South Inflow 7.1 

Rillito Outflow -1.6 

Rillito Inflow -6.5 

South Inflow 9.2 

Rillito Outflow -2.7 

Rillito Inflow -5.2 

South Inflow -11.7 

Rillito Outflow -1.8 

Rillito Inflow -3.0 

South Inflow 7.9 

Rillito Outflow -2.8 

Rillito Inflow -0.4 

South Inflow 2.5 

Rillito Outflow -3.4 

Rillito Inflow 0.1 
South Inflow 4.7 

Rillito Outflow -3.4 

Rillito Inflow -7.5 

South Inflow 21.4 

Rillito Outflow -4.0 

Rillito Inflow -5.9 

South Inflow 15.7 

Rillito Outflow -3.5 

Table 7.2 
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correlated with respect to the constraint intervals, and they have a correlation coefficient 

of -0.834. Also, as the constraint interval becomes larger, the absolute weighted percent 

change in total model inflow becomes smaller. Again, this relationship does not hold at 

the large constraint interval of 13 and 15. The constraint interval and the absolute 

weighted percent change in boundary conditions have a correlation coefficient of 0.761. 

The head and the absolute weighted percent change in boundary conditions have a 

correlation coefficient of 0.922. See Figure 7.2 and 7.3 for the above-described 

relationships. The results of the Rillito constant head outflow boundary do not vary 

significantly with respect to the constraint intervals. See Figure 7.4. 

The serial PEST-SSC calibration method results are consistently better than that 

of the Geometric Mean-SSC calibration approach, with respect to the matching of 

measured and model generated head. For all of the constraint intervals, the average 

reduction in the sum of squared head residuals is 2 7 .1 percent. For the details of the result 

for each of the constraint intervals see Table 7.3. The calibration results with respect to 

the average standard deviation of the 200 error simulations are similar for both the 

Geometric Mean-SSC and the serial PEST-SSC calibration methods. See Figures 7 .5 and 

7.6 for comparison of the stochastic error simulations for both of the calibration 

approaches. For all of the constraint intervals, the average change of the average standard 

deviation is 2.4 percent. See Table 7.3. The changes in head calibration and the changes 

in the average standard deviation with respect to each constraint interval show no clear 

correlation, and have a small correlation coefficient of O .341. See Figure 7. 7. 
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Comparison of Results from Both Calibration Methods 

Geometric Serial PEST-
Percent 

Mean SSC 
Difference 

Geometric Serial 
Percent Calibration Calibration 

in Average 

Constraint 
Mean PEST-SSC 

Difference Average Average STD 
STD ofln 

Calibration Calibration T 
Interval 

Head Head 
in Head STD of In T of In T 

Stochastic 
SOSR (ft2) SOSR (ft2

) 
SOSR Stochastic Stochastic 

Error 
Error Error 

Simulations Simulations 
Simulation 

s 

0 3,578 2,443 -31.7 0.247 0.243 -1.4 

1 2,138 1,313 -38 .6 0.268 0.271 1.0 

3 1,162 888 -23.5 0.378 0.382 0.9 

5 666 598 -10.2 0.488 0.505 3.5 

7 543 359 -33 .9 0.604 0.600 -0.7 

9 462 347 -24.8 0.661 0.710 7.4 

11 423 289 -31.6 0.739 0.784 6.0 

13 403 300 -25.5 0.816 0.823 0.8 

15 41 4 315 -23 .9 0.845 0.880 4.2 

Ave Percent -27.1 Ave Percent 2.4 
Difference Difference 

STD is standard deviation 

SOSR is sum of squared residuals 

Table 7.3 
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These nine calibration scenarios show that the constraint parameter controls how 

much of the boundary conditions optimization (PEST) or In T optimization (SSC) 

contributes to the overall calibration of the model. As the constraint parameter becomes 

larger, the optimization changes in the boundary conditions become smaller. The reason 

is that for the serial PEST-SSC calibration the boundary conditions are adjusted first and 

the In T realization second and their combined affect is considered in the reduction of the 

objective function in the ground water flow model. When there is a large constraint 

interval, and PEST makes a small change to the boundary conditions, SSC uses these 

slightly changed boundary conditions and optimizes the In T realization. Since a large 

variance of the optimized In T realization is allowed, due to the large constraint interval, 

this part of the optimization reduces the bulk of the objective function. Then, for the 

second iteration, PEST sees the overall (inner and outer iterations) reduction in the 

objective function and "believes" that it is only being caused by the small change it has 

made to the boundary conditions. In actuality most of the reduction was caused by the 

inner SSC optimization of the In T realization. In other words, a large constraint interval 

appears to make the boundary conditions more sensitive to the objective function than 

they really are. 

A small constraint interval appears to makes the boundary conditions less 

sensitive to the objective function. In this situation PEST will make greater adjustments 

to the boundary conditions, because SSC will simulate a In T realization with a smaller 
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variance because the constraint interval is smaller. The bulk of the reduction in the 

objective function is attributed to the larger changes in the boundary conditions. 

For the constraint intervals of 0, 1, and, 3 some of the optimized boundary 

condition values are equal to the upper and/or lower limits ( +/- 50 % of the initial 

conditions) of the PEST calibration. In the case of constraint intervals 5, 7, 9, 11, 13, and 

15 all of the optimized boundary conditions values are between the upper and lower 

PEST limits. This means that in the case of constraint interval 0, 1, and 3 the "optimized" 

solution is not stable and truly optimized with respect to the transmissivity field. In other 

words, if the PEST optimization limits for the boundary conditions were increased to 

then further reductions could made to the objective function. Therefore, constraint 

intervals 5, 7, 9, 11, 13, and 15 represent truly optimized conditions for the boundary 

conditions with respect to the transmissivity field. See Figures 7 .8 through 7.13 for the 

effects the constraint intervals have on the individual boundary condition cells and Figure 

7.14 for the effect on each boundary, the Rillito Inflow, Southern Inflow, and the total 

North Avra Valley Model inflow. 
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7.2 Final Model Calibration 

The constraint interval has a large impact on determining how the outcome of the 

model calibration will be affected by the changes made in boundary conditions, and the 

variance of the In T realization. Therefore the selection of the constraint interval is 

important. There are three impacts to consider; the sum of the squared head residuals, In 

T variance, and the reasonableness of the calibrated boundary condition values. 

From the three above mentioned criteria the reduction of the sum of squared head 

residuals carries the most weight. This is because the measured head are the most reliable 

and accurate data source. The head can be measured directly with a sounder. However, 

the transmissivity data are determined from specific capacity tests and aquifer pumping 

tests. These tests tend to produce highly variable transmissivity results at the test wells. 

Boundary conditions can not be measured or tested directly, and must be determined 

from a regional water budget study. Such a study is complex and involves many variables 

and therefore can produce many different results for the total inflow and outflow in A vra 

Valley. Hence, from the three data sets available, the most reliable data is the head, and 

then the transmissivity data, and finally the total inflow and outflow based on studies 

described in Section 2.2. 

The reliability of the data is important in determining the "best" constraint 

interval for the final model run. Figure 7 .2 shows that the sum of squared head residuals 
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does not significantly improve after constraint interval of 7. The absolute weighted 

percent change in boundary conditions are small (less that 10 % ) and do not become 

significantly smaller with large constraint intervals. This implies that the optimized 

boundary conditions are reasonable in the sense that they do not vary much from the 

initial input boundary conditions that were based on the study summarized in Section 2.2. 

If a stable optimum solution is desired with respect to both the boundary 

conditions and the ln T realization, all the boundary condition values must lie between 

the upper and lower limit (+/- 50% of the initial cell values). If some of the optimized 

boundary conditions cell values were constrained by the upper or lower parameter limit, 

then further improvements in the optimization could be possible if these limits were 

extended. For the constraint intervals 7, 9, and 11 all the boundary condition values are 

between these limits. See Figures 7.8 through 7.13. 

For further analysis, the optimization result for the constraint interval of 7 is 

selected as reasonable based on the above mentioned criteria. Figure 7.15 shows the head 

computed from initial and final optimized ln T realizations compared to the observed 

head data. The calibration results with respect to the head, ln T and the boundary 

conditions are shown in Figure 7 .16. and Figure 7 .17 The correlation coefficient between 

observed and simulated values for head and ln T are 0.997 and 1.000 respectively. 

Geostatistical based simulation is exact with respect to the (block centered adjusted) 
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Observed Versus Simulated Head 
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Initial Versus Simulated Boundary Conditions 
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observed data values of ln T, hence, the perfect correlation. The correlation coefficient 

between the initial and final simulated boundary conditions is 0.991. This shows that 

small changes in the boundary conditions, in the case of North Avra Valley Model, can 

significantly reduce the sum of squared head residuals (33.9 %). 

For more detailed statistics of the optimized head residuals see Table 7.4. The 

maximum head residual is 7.8 feet and the minimum residual is -6.7 feet. The relative 

error is 1.5 percent. This is a 61 percent improvement over the initial calibration of the 

North Avra Valley model, which has relative error of 3.86 percent. The head residual 

distribution and the observed head versus the head residuals are shown in Figure 7.18. 

The head residual distribution is relatively normal. The observed head versus the head 

residuals shows no clear bias. The spatial locations of the residual are shown in Figure 

7.19. Note that the larger residuals are not necessarily distributed close to the boundary 

conditions, because the boundary conditions were included in the optimization process. 

In order to analyze the ln T realization, the realization statistics are compared to 

statistics of the original data. The simulated ln T realization shows a larger standard 

deviation than the original data, more extreme values and a smaller mean. See Table 7.5 

for more detailed statistics of the optimized ln T realization and the original ln T data and 

Figure 7 .20 for the histograms and cumulative distributions. The variograms of the 

original data and the simulated ln T realization are compared in Figure 7 .21 and 7 .22. The 

simulated ln T variograms display a larger sill, which is to be expected since the variance 
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General Statistics for Head Residuals (ft) 

Mean 0.575 

Standard Error 0.574 
Median -0.256 

Standard Deviation 3.298 
Sample Variance 10.877 
Kurtosis 0.210 
Skewness 0.281 
Range 14.551 
Minimum -6.735 
Maximum 7.816 
Count 33 
Range 220 
Standard Deviation I Range 0.015 

Sum of Squared Residuals 359 

Table 7.4 
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General Statistics for Original Data and Simulated In 
Transmissivity 

I I 
Original In T Data 

Simulated In T 
Realization 

Mean 9.842 9.175 

Standard Error 0.094 0.056 
Median 9.903 9.383 
Mode 9.903 9.903 

Standard Deviation 0.589 0.902 
Sample Variance 0.347 0.813 
Kurtosis -0.047 0.041 
Skewness -0.502 -0.360 
Range 2.413 5.437 
Minimum 8.38 6.33 
Maximum 10.79 11.77 

Count 39 256 

Table 7.5 
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of the simulated In T field is greater that the original In T data. The spatial distribution of 

the In T realization is shown in Figure 7.23 , which shows a high In T zone trending 

northwest along where the Santa Cruz River flows toward Picacho Peak. The spatial 

distribution of the average standard deviation based on the 200 error simulations is shown 

in Figure 7.24. The high average standard deviation is located in the northeast corner of 

the model grid where there was no In T data. The cells with white dots in the center 

represent cells with data values. Note that cells with In T data values have standard 

deviation of zero since kriging is an exact interpolator. 
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8.0 CONCLUSION 

Analytical techniques employed in this thesis attempted to improve model fit to 

observed data calibration for the hydrological system in North Avra Valley. A 

comparative study was done of two calibration methods. One method, was the more 

traditional calibration procedure, where the boundary conditions are calibrated against a 

uniform geometric mean transmissivity field, and subsequently the SSC method was used 

to simulate a geostatistical based transmissivity realization that best optimized the head 

residuals. The second method calibrated the boundary conditions and the transmissivity 

realization simultaneously by running PEST in series with SSC. As a result, the boundary 

conditions are calibrated with the final optimized transmissivity realization used in the 

ground water flow model. Observations of the methods employed are discussed below. 

For both calibration methods the SSC method produces a realistic transmissivity 

realization that honors the transmissivity data while iteratively optimizing the head 

residuals. The SSC method also reproduces to some degree the statistical and 

geostatistical characteristics of the transmissivity data. The degree of this preservation is 

largely controlled by the constraint interval parameter. The constraint interval parameter 

controls the variance of the simulated transmissivity realization. In general, a larger 

constraint interval improves the match between measured and modeled the head, but this 

relationship falls apart in the case of North Avra Valley model at large constraint 

intervals of 13 and 15. 
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Comparing the calibration methods used to calibrate the North Avra Valley 

model, the serial PEST-SSC method produces consistently better results, with respect to 

the optimization of the sum of the squares head residuals (SOSR). The average percent 

reduction in SOSR of the head was 27.1 percent for the scenarios that were run based on 

different constraint intervals coefficients of 0, 1, 3, 5, 7, 9, 11, 13, and 15,. Stochastic 

error simulations showed both methods were similar with respect to the simulated In T. 

The average percent change of the In T standard deviation was only 2.4 percent, and one 

method did not consistently do better than the other. 

By running PEST in series with SSC, and therefore simultaneously calibrating the 

boundary conditions and the final optimized transmissivity realization against the head, 

produced better results for all the different scenarios that were run. The improvements of 

the SOSR of the head do not come at the expense of a greater average standard deviation 

of the In T realizations, as was determined by the stochastic error analysis. 

Subsequent to the comparison of the different calibration methods, the scenario 

with a constraint interval of 7, for the serial PEST-SSC calibration method, was selected 

for further analysis. This scenario was selected because it is a stable solution with respect 

to all the optimization parameters. Specifically, the optimized boundary conditions values 

fell within the upper and lower limits used by PEST for the optimization. Making this a 

stable optimized solution, with respect to the SOSR of the head. In other words, the In T 

realization and the boundary conditions won't change if the upper and lower limits for the 
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boundary conditions optimization are increased. Furthermore, the constraint interval 

coefficient of 7 was selected from the other stable solution because it had the lowest 

(stochastically determined) In T average standard deviation of 0.600. It was also shown 

that for this scenario relatively small changes from the initial boundary conditions 

produce a 33.9 % improvement with respect to SOSR of the head residuals. 

Sum of squared head residuals for this calibration run is 359 ft2
. The relative error 

is 1.5 percent. This is a 61 percent improvement over the initial calibration of the North 

Avra Valley model with a relative error of 3.86 percent. The maximum head residual is 

7.8 ft and the minimum is -6.7 ft. Since the boundary conditions were allowed to change 

in the optimization process the larger residuals are not located close to the boundary 

conditions. When calibrating the boundary conditions against the geometric mean 

transmissivity the larger residuals are usually near the boundaries. 

The comprehensive parameter optimization produce better results, but it has some 

drawbacks. It is expensive with respect to computer time, which will become a factor 

with larger and more complicated flow models than the North Avra Valley. The SSC 

public domain code is limited in that it requires a rectangular grid and it uses an internal 

flow equation solver rather than the standard USGS MODFLOW. These shortcoming 

could be potentially be avoided by using PEST-ASP. This new version of PEST was 

recently released in the summer 2001. This version includes similar geostatistical 

optimization capabilities as SSC also known as the pilot point method. This method is 
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very similar to SSC except that the master points/pilot points are in fixed locations. Since 

PEST-ASP is model independent any model can be used. And if MODFLOW is used 

then there are fewer limitations on the shape of the flow model that can be used. To 

reduce the amount computing time needed, parallel PESTASP could be used. But these 

options arrived too late for the author to change this work, and in his opinion it would not 

affect the conclusions significantly. 

The author wants to emphasize that this thesis should be viewed as a calibration 

exercise using realistic real world data. The actual results are not to be used as a model 

describing the real ground water flow North Avra Valley. The reason for stating this is 

that these results (i.e. In T realization and boundary conditions) do not produce the same 

head residuals when used in MODFLOW. A large bias is introduced. This might be due 

to the fact that transmissivity values are log transformed and used to krige a realization 

and then back transformed by exponentiation, this process introduces a bias. 

This geostatistical based parameter optimization technique was improved by 

including the boundary conditions in the optimization process. The process can be 

automated and the user has only to decide on an acceptable variance for the simulated 

transmissivity realization by selecting a constraint interval coefficient. The choice of 

parameters to be used in the optimization, by running PEST in series with SSC, is not 

limited to the boundary conditions. It could be any hydrologic parameter that would be 
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better defined by filtering it through a geostatistical based optimized transmissivity 

realization. 
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APPENDIX A 

Model Well Locations with Ln Transmissivity Data 

ModelX Model Y Ln Transmissivity 
34366 184444 9.14254 
25702 179015 9.63465 
54786 175175 9.90349 
25690 175075 9.33022 
42474 175026 10.00914 
28453 174969 9.46074 
29076 174969 9.60791 
46753 174207 10.51723 
36304 173528 10.02422 
36646 173527 9.44936 
25767 172347 9.90349 
60960 170335 10.65286 
52426 170335 9.90349 
63574 169853 8.79101 
36293 169790 10.12715 
46826 169055 10.50260 
36285 166962 10.36308 
53326 165099 10.77299 
57785 165099 10.81004 
23087 164577 10.00914 
25656 164569 10.69399 
36278 164436 8.97979 
41674 164421 9.74748 
28136 163046 10.39591 
32933 163032 8.81853 
70728 162509 10.41727 
62188 162509 9.90349 
41667 161694 10.11244 
46888 159761 10.72262 
63368 159761 10.71858 
33007 159091 9.08500 
73480 157192 9.90349 
68643 157086 9.90349 
25114 156453 9.62935 
52532 155302 10.33498 
19375 155196 9.78534 
74315 154583 9.90349 
59993 153409 10.63989 
29817 152535 9.10096 
76602 151112 9.93665 
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35119 149911 8.37882 
30320 148795 8.57698 
44011 148453 8.72800 
45474 148453 8.90739 
42654 147593 9.71619 
75566 146568 10.33498 
61253 146494 9.83290 
49682 146419 9.67360 
78905 144542 10.13304 
49591 143995 9.71619 
70622 141328 10.17477 
66552 141328 10.24469 
51896 140352 9.08817 
63468 140024 9.12609 
70411 140011 9.84173 
66982 139613 9.44835 
57891 137914 9.42314 
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APPENDIXB 

Model Well Locations with Head Data 

Model X Model Y Head 
23760 81840 1,688.00 
29040 71280 1,700.00 
13200 66000 1,670.00 
55440 66000 1,752.50 
13200 60720 1,692.00 
18480 60720 1,695.00 
7920 55440 1,695.00 
13200 55440 1,695.00 
18480 55440 1,700.00 
29040 55440 1,720.00 
50160 55440 1,747.50 
55440 55440 1,755.00 
71351 50160 1,800.00 
34320 44880 1,748.12 
23760 39600 1,737.40 
29040 39600 1,755.00 
23760 34320 1,748.00 
60720 34320 1,794.57 
23760 29040 1,760.50 
34320 29040 1,774.34 
39600 29040 1,774.00 
44880 29040 1,775.00 
50160 29040 1,775.00 
66000 29040 1,792.50 
34320 23760 1,775.24 
60720 23760 1,791.00 
23760 18480 1,783.56 
50160 18480 1,796.17 
71280 18480 1,818.11 
34320 13200 1,799.00 
44880 13200 1,799.00 
55440 13200 1,800.00 
76560 13200 1,872.00 
23760 7920 1,802.00 
55440 7920 1,807.00 
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APPENDIXC 

SSC Main Code, SSC Inversion Code, and Include File as Modified by Author 

Main Code: 

programmam 
C 

c Single-phase pressure data from multiple wells 
C 

C%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
C % 
C Copyright (C) 1998, Xian-Huan Wen, J. E. Capilla, C. V. Deutsch, % 
CJ. J. Gomez-Hernandez, and A. S. Cullick. All rights reserved. % 
C % 
C This program is distributed in the hope that they will be useful, % 
C but WITHOUT ANY WARRANTY. No author or distributor accepts % 
C responsibility to anyone for the consequences of using them or for % 
C whether they serve any particular purpose or work at all, unless he % 
C says so in writing. Everyone is granted permission to copy, modify % 
C and redistribute this program, but only under the condition % 
C that this notice and the above copyright notice remain intact. % 
C % 
C%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
c-----------------------------------------------------------------------
c 
C 

C 

Sequential Self-Calibration (SSC) Method 
**************************************** 

c This program reads multiple geostatistical realizations of ln(k) field 
c and update them to match input dynamic flow data ( flowrate and pressure) 
cat observed wells while preserving their geostatistical features. 
C 

c The program is executed with no command line arguments. The user 
c will be prompted for the name of a parameter file. The parameter 
c file is described in the documentation (see the example ssc_sp.par) 
C 

c The output file will be a GEOEAS file containing the simulated values 
c The file is ordered by x,y,z, and then simulation (i.e., x cycles 
c fastest, then y, then z, then simulation number). 
C 



c Original: Jose E. Capilla March 1995 
c Universidad Politecnica de Valencia 
C 

c Revised and extended: Xian-Huan Wen March 1998 
c-----------------------------------------------------------------------
c some important variable names: 
c nfil number of row (=ny) 
c ncol number of columms (=nx) 
c numc number of cells 
c numcc number of cells on the boundaries 
c nband Half of bandwidth of matrix [T] 
c dx cell size in x-direction (=xsiz) 
c dy cell size in x-direction (=ysiz) 
c dlx length of domain in X-direction (=nx*dx) 
c dly length of domain in Y-direction (=ny*dy) 
c ntmed number of permeability measurements 
c tmsO mean ofln(K) 
c vtmsO variance ofLn(K) 
c nmpx no. of columms to be generated for master points 
c nmpy no. of rows 11 11 

c nmp number of master points (=nmpx*nmpy) 
c ic cod option index for boundary conditions 
c cc val Constant flowrate or constant pressure 
c nwell number of wells with flow data 
c weigh kriging weights at all cells from master points 
c am_y factor to define constraint interval of ln(k) perturbation 
c tseed initial ln(k) field 
c relax relaxation factor between iterations 
c nitera maximum number of outer iterations 
c t system matrix in each ineration before perturbation. 
c q right hand side of system of finite difference equations 
c p pressure matrix 
c pcalO pressure data before perturbation 
c peal pressure data at wells 
c xx auxiliar vertor for the resolucion of system 
c lu descomposition LLt of the system 
c htj sensitivity coefficients of pressure vs. ln(k) perturbation 
c cpq matrix of problem in optimization 
c ppq vector of problem in 11 

c apq 1 coefficients of constraints to the perturbation of T 
c xpq results from optimizations 
c tppe initial ln(k) values at the master locations 
c Parameters used in each iteration of minimization: 
c it min min. number of iterations 
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c epsl 
c eps3 
c eps4 
c eps5 
C ifobj 

for activation of constraints of perturbations of K 
for compare norm 1 
for compare norm 2 
the difference in obj. function in two consecutive itera. 
no. of times that the difference of two consecutive obj.< eps5 

c----------------------------------------------------------------------------

include 'ssc_sp.inc' 
C 

c Convection factor from oil field units to SI units 
C 

C 

cfl=0.30488 
cfp=6894.757 
cfv=0.001 
cfk=9.869233e-16 
cftime=24.0*3600.0 
cfop=0.1589873/24.0/3600.0 

c Input/output units used: 
C 

C 

lin = 1 
lin2 = 8 
loutl = 11 
lout2 = 12 
lout3 = 13 
ldbg = 2 
lgelO=l.O 

c Read the parameter and data (transfer as required) 
C 

call readparm 
C 

c Call ssc for the simulation(s): 
C 

call SSC 

C 

c Finished: 
C 

write(* ,9998) Version 
9998 format(/'SSC Version: ',f5.3,' Finished'/) 

stop 
end 

subroutine readparm 
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SSC Inversion Code: 

c------------------------------------------------------------------------
c 
C 

C 

C 

The SSC Inversion 
******************** 

c This is the main subroutine for SSC inversion. It reads the initial 
c ln(k) realization, updates it to match flow data at wells using the 
c SSC algorithm. 
C 

c------------------------------------------------------------------------

C 

include 'ssc_sp.inc' 

write(*,*) 'Start Simulation' 
do 777 isim= 1,nsim2 
write(*,*) 'Realization no:',isim 

c Read initial ln(K, md) field and transfer it into K (m): 
c (Starting from upper-left comer and transfer from ln(md) to m/\2) 
C 

C 

write(*,*) 'Read Initial Field from File' 
do j=ny, 1,-1 
do i=l,nx 
read(lin2, *) tseedG ,i) 
tseedG ,i )=exp( tseedG ,i)) * ctk 
enddo 
end do 

c read another realization if the starting realization is larger than isim 
C 

if(isim.lt.nsiml) goto 777 
C 

c Start iterations ( outer iteration): 
C 

do 666 itera= 1,nitera 

C 

c setup initial comparison and normalized factor using initial field 
C 

if(itera.eq .1) then 
C 
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c Select master points 
C 

C 

write(*,*) 'Generate Master Points' 
call getmp 

c detect the overlapped locations of master points and measured points 
C 

C 

call detec 
write(*,*) 'True master point number= ',nmp,itera 
nkrig=ntmed+nmp 

c Get kriging and kriging weights 
C 

C 

write(*,*) 'Call Kriging' 
call kriging(itera) 

c Solve flow equations and sensitivity coefficients: 
C 

C 

C 

write(*,*) 'Solve Flow and Obtain Sensitivity Coefficients' 

indstp=l 
call solve_ flow(indstp) 

c calculate the average deviation of pressure in initial field at 
c each well 
C 

C 

sumdiv=O. 
nnww=O 

sumwall=O 

do 3 9 k= 1,nwell 
do 3 8 itt= 1,nstep 

c keep the pressure at the initial field: 
C 

pcalO(k,i tt )=pcal(k,i tt) 
sumdiv=sumdiv+abs(pcal(k,itt)-pms(k,itt)) 

sumwall=sumwall+wpms(k,itt) 
nnww=nnww+l 

38 continue 
39 continue 

sumdiv=sumdiv/nnww 
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write(*,*) 'O' 
write(*,*) 'Averaged pressure deviation: ', 

+ sumdiv,sumwall 

c if the sum of the averaged deviation is less than 1 psi, stop 
c if(sumdiv/cfp.le.nwell* 1.0) goto 201 
C 

c Objective function 
C 

40 

C 

sumdif=O.O 
do 40 k= 1,nwell 
do 40 itt= 1,nstep 
sumdif=sumdif+wpms(k,itt )* 

* ((pcal(k,itt)-pms(k,itt))/sumdiv)* *2.0 

continue 
fobjO=sumdif 
etha(O )=sqrt( sumdif/ sum wall) 

fobj_ ini=fobj 0 
lowobj= 100000000 

write(*,*) 'Ini obj. function: ',etha(O)/etha(O),fobjO/fobj_ini 

c If obj. is small enough, goto next realization 
C 

C 

if(fobjO.lt.0.1) then 
write(*,*)'***** Initial Field Close Enough *****' 
goto 201 
endif 

endif 

c Get ln(k) values at measured and master point locations 
C 

do 31 i= l ,ntmed 
d=xtms(i)-xl 1 +dx/2. 
nc=int(( d+dx/5.-amod( d,dx))/dx)+ 1 
d=yl l-ytms(i)+dy/2. 
nf=int(( d+dy/5.-amod( d,dy))/dy)+ 1 
tppe(i )=alo g( tseed( nf,nc)) 

31 continue 
do 32 i=ntmed+l,ntmed+nmp 
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d=xtms(i)-xl 1 +dx/2. 
nc=int((d+dx/5.-amod(d,dx))/dx)+ 1 
d=yl l-ytms(i)+dy/2. 
nf=int( ( d+dy I 5. -amod( d,dy) )I dy )+ 1 
tppe(i)=alog(tseed(nf,nc )) 

32 continue 
C 

c Build function for optimization 
C 

call buildf 

c do i=l,ntmed+nmp 
c write(88, *) xpq(i) 
c enddo 

C 

c Optimization 
C 

call minim(fobjO) 

frelax=relax 
C 

c propagation of optimal perturbations in entire domain 
C 

do 42 i=l,ntmed+nmp 
xpq(i)=xpq(i)* frelax 

42 continue 

C 

c update the permeability field 
C 

do 43 nf=l ,nfil 
do 43 nc=l,ncol 

n=(nf-1 )*ncol+nc 
ac=O.O 
do 44 i= 1,ntmed+nmp 

44 ac=ac+xpq(i)*weigh(i,n) 
tseed( nf,nc )=tseed( nf,nc) * exp( ac) 

if(lowobj .ge.fobjO/fobj_ini) then 
lowobj=fobjO/fobj_ini 

bestfld(nf,nc )=tseed(nf,nc) 
endif 

43 continue 
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C 

c perform transcon if required to identify the desired histogram 
C 

C 

if(itrans.eq .1) then 
write(*,*) 'Histogram Transformation:' 
call transcon 
endif 

c Gerenate new set of master points if required 
C 

C 

if(itera.gt. l .and.mod(itera,it_gmp ).eq.O 
+ .and.itera.ne.nitera) then 

write(*,*) 'Generate new set of master points' ,itera 
write(ldbg,*) 'Generate new set of master points',itera 
call getmp 
call detec 
write(*,*) 'True master point number = ',nmp 
nkrig=ntmed+nmp 

c Kriging and kriging weights for the new set of master points 
C 

C 

write(*,*) 'Call Kriging' ,itera 
call kriging(itera) 
endif 

c Solve flow equation again and sensitivity coefficients if required: 
C 

C 

indstp=l 
if(itera.eq.nitera) indstp=O 
if(itera.gt.5.and.mod(itera,2).eq.O) indstp=O 
if (mod(itera,it_gmp ).eq.O) indstp=l 

if(indstp.eq.O) write(*,*) 'Solve Flow only' 
if(indstp.eq.1) write(*,*) 'Solve Flow and Compute Sen. Coeff.' 

call solve_ flow(indstp) 

c Compute objective function 
C 
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sumdif=O.O 
do 45 k=l,nwell 
do 45 itt= 1,nstep 

sumdif=sumdif+wpms(k,itt )* 
* ((pcal(k,itt)-pms(k,itt))/sumdiv)* *2.0 

45 continue 
etha(itera)=sqrt(sumdif/sumwall) 
fobjO=sumdif 

write(*,*)'Updated Obj. Fune.=', 
+ fobjO/fobj_ini,itera,isim 

write(lout2 ,5 99)fo bj 0/fo bj_ ini,lowobj 
5 99 format( f9. 5 ,f9. 5) 

if (lowobj .ge.fobjO/fobj_ ini) then 
do itt= 1,nstep 
do i=l,nwell 

bpms(i,itt)=(pms(i,itt)/cfp) 
bpcalO(i,itt)=(pcalO(i,itt)/cfp) 
bpcal(i,itt)=(pcal(i,itt)/cfp) 

end do 
end do 
endif 

623 format(3f9.3) 

C 

c Criterions for stopping iterations 
C 

iconve=O 
if(iconve.eq.O.and.fobjO/fobj_ini.le.dconve) goto 201 
if(iconve.eq.O.and.itera.eq.nitera) goto 201 
if(iconve.eq.1.and.itera.eq.nitera) goto 201 
if(iconve.eq. l .and.abs( etha(itera)-etha(itera-1 )).le.dconve) 
*goto 201 

c next iteration 
666 continue 

c next realization 
201 continue 
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C 

c write out best updated Ln(K) field 
c (start from lower left comer) 
C 

do i=nfil, 1,-1 
do j=l,ncol 

write(loutl ,601 )isim, 
+ alog(bestfld(i,j)/cfk) 

enddo 
end do 

601 format(i3,f12.5) 

C 

c Calculate the true mis-match at the last iteration 
C 

sumdiffl=O. 
do 46 k= 1,nwell 
do 46 itt=l,nstep 

sumdiffl=sumdiffl+wpms(k,itt)* 
* (pcal(k,itt)-pms(k,itt))* *2.0 

46 continue 
ethafl=sqrt(sumdiffl/sumwall) 
fobjfl=sumdiffl 

C 

c Write out pressure mis-match for lowest objective function 
C 

do itt= 1,nstep 
do i=l,nwell 
write(lout3,613) (bpms(i,itt)), 

+ (bpcalO(i,itt) ), 
+ (bpcal(i,itt)) 

end do 
enddo 

613 format(3f9.3) 

C 

c Go to next realization 
C 
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777 continue 
close(lin2) 
close(loutl) 
close(lout2) 
close(lout3) 
close(ldbg) 
return 
end 

subroutine detec 
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Include file as modified by author: 

C%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
C % 
C Copyright (C) 1998, Xian-Huan Wen, J. E. Capilla, C. V. Deutsch, % 
C J. J. Gomez-Hernandez, and A. S. Cullick. All rights reserved. % 
C % 
C This program is distributed in the hope that they will be useful, % 
C but WITHOUT ANY WARRANTY. No author or distributor accepts % 
C responsibility to anyone for the consequences of using them or for % 
C whether they serve any particular purpose or work at all, unless he % 
C says so in writing. Everyone is granted permission to copy, modify % 
C and redistribute this program, but only under the condition % 
C that this notice and the above copyright notice remain intact. % 
C % 
C%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
c-----------------------------------------------------------------------
c The following Parameters control static dimensioning for SGSIM: 
C 

c maxx maximum nodes in X 
c maxy maximum nodes in Y 
c mxband maximum band width ( =maxx+ 1) 
c mxtmed maximum number of measured ln(k) data 
c mxmp maximum number of master points 
c mxwell maximum number of production wells 
c mxstep maximum number of time steps in flow data 
c mxiter maxinum number of outer iterations 
c maxsam maximum number of data points to use in one kriging system 
c maxnst maximum number of nested structures 
c maxkrg (maxsam+ 1 )*(maxsam+ 1) - used for dimensioning 
c unest Assigned to unestimated blocks 
c mxnum maximum number of cells(= maxx*maxy) 
c mxtpe maximum number of parameters in optimization ( = mxtmed+mxmp) 
c mxnumc maximum number of boundary cells (=2*(maxx+maxy)) 

c-----------------------------------------------------------------------
c 
c User Adjustable Parameters: 
C 

parameter (MAXX = 101,MAXY = 101,MXBAND = 102, 
+ MXTMED = 600,MXMP = 100, MXITER = 1000, MAXSAM = 200, 



+ MAXNST = 2, MXWELL = 11 O,MXSTEP = 100) 

C 

c Fixed Parameters: 
C 

parameter(MXNUM = MAXX*MAXY, MXNUMC = 2*(MAXX+MAXY), 
+ MXTPE= 

MXTMED+MXMP,MAXKRG=(MAXSAM+l)*(MAXSAM+l), 
+ unest=-999., VERSION=2.000) 

C 

c Variable Declaration: 
C 

C 

c Well related 
C 

C 

integer iw(mxwell),jw(mxwell) 
integer ic _ cod(mxnumc ),it(maxnst) 

real qw(mxwell,mxstep ),rw(mxwell),wpms(mxwell,mxstep ), 
+ pms(mxwell,mxstep ),time(mxstep ),lge 1 O,bpms(mxwell,mxstep) 

c K measurement related 
C 

real xtms(mxtpe ),ytms(mxtpe ),tms(mxtpe ),bestfld(maxx,maxy), 
+ vtms(mxtpe ),tseed(maxx,maxy),tref(maxx*maxy) 

C 

c Flow related 
C 

real cc_ val(mxnumc ),htj(mxwell,mxtpe,mxstep ), 
+ pcalO(mxwell,mxstep ),t(mxnum,mxband), 
+ pcal(mxwell,mxstep ),q(mxnum),p(mxnum), 
+ pini(mxnum),qjold(mxtpe,mxnum),bpcalO(mxwell,mxstep ), 
+ pold(mxnum),qj(mxtpe,mxnum),bpcal(mxwell,mxstep) 

C 

c Optimization related 
C 

real xpq(mxtpe ),tppe(mxtpe ),etha(O:mxiter),lowobj, 
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+ cpq(mxtpe,mxtpe ),ppq(mxtpe ),apq 1 (2 *mxtpe ),bpq(2*mxtpe) 

C 

c Kriging related 
C 

real cc(MAXNST),aa(MAXNST),ang(MAXNST),anis(MAXNST), 
+ weigh(mxtpe,mxnum),est(maxx,maxy),estv(maxx,maxy) 

C 

c factors for unit exchange 
C 

C 

c Common Blocks: 
C 

common I gene 1 I nx,ny ,ncol,nfil,numc,ntmed,numcc,nband,nmp,iseed, 
+ nwell,iw,jw,itrans,idbg,lin,ldbg,lin2,ivrrl,ihv, 
+ ihwt,nmpx,nmpy ,nitera,lout 1,lout2,lout3 ,nkrig, 
+ nsim,nsiml ,nsim2,it_gmp,ixl,iyl,ivrl,nst,it, 
+ ktype,ndmin,ndmax,it_ min,nstep,ifobj,ic _ cod 

common /gene2/ xsiz,ysiz,dx,dy,xmn,ymn,xl l,yl l,dlx,dly,am_y, 
+ tseed, tmsO, vtmsO ,sum div, tmin, tmax, bestfld, 
+ cfl,cfp,cfv,cfk,cftime,cfop,lge 1 O,sumwall 

common /measur/ xtms,ytms,tms,vtms,tref 

common /welld/ qw,rw, thick, visco,poro,comp, wpms,pms 

common /flowl/ time,cc_ val,pini,pold,pcal, 
+ pcalO,htj,qjold,bpcalO 

common /flow2/ t,q,qj ,p 

common /krig/ radius,weigh,est,estv 

common I co var/ cO ,cc,ang,anis,aa,sill 

common /optm/ tppe,epsl,eps2,eps3,eps5,relax, 
+ dconve,cpq,ppq,apq 1,bpq,xpq,etha,best_it 
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APPENDIXD 

Examples of SSC Model Input Files 

Wells.dat 

39 Ink 
4 

X 

y 
k(md) 
error 

44880 2640 15.10425 0 
60720 2640 15.62246 0 
66000 2640 16.02433 0 
39600 7920 15.73227 0 
44880 7920 15.71097 0 
55440 7920 15.84898 0 
71280 7920 16.25009 0 
23760 13200 14.85505 0 
29040 13200 14.3949 0 
39600 13200 14.83377 0 
71280 13200 15.95273 0 
13200 18480 15.80142 0 
18480 18480 15.64543 0 
44880 18480 16.35106 0 
55440 18480 16.65597 0 
66000 18480 15.91957 0 
71280 18480 15.91957 0 
23760 23760 16.41199 0 
29040 23760 14.96784 0 
34320 23760 16.12852 0 
39600 23760 16.7387 0 
55440 23760 15.91957 0 
60720 23760 16.73466 0 
66000 23760 16.43335 0 
18480 29040 16.36764 0 
29040 29040 15.68751 0 
34320 29040 15.76356 0 
50160 29040 16.80759 0 
18480 34320 15.91957 0 
29040 34320 15.88299 0 
39600 34320 16.52599 0 
44880 34320 15.91957 0 
55440 34320 16.66894 0 
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60720 34320 14.80709 0 
18480 39600 15.49851 0 
23760 39600 15.5504 0 
39600 39600 16.02522 0 
50160 39600 15.91957 0 
29040 44880 15.15862 0 

W ellpara.dat 

33 0.25 1 1.124 0.000003 
\well location i,j, and radius 

5 2 0.3 (feet) 
11 2 0.3 
7 3 0.3 
9 3 0.3 

11 3 0.3 
15 3 0.3 
5 4 0.3 

10 4 0.3 
14 4 0.3 
7 5 0.3 

12 5 0.3 
5 6 0.3 
7 6 0.3 
8 6 0.3 
9 6 0.3 

10 6 0.3 
13 6 0.3 
5 7 0.3 

12 7 0.3 
5 8 0.3 
6 8 0.3 
7 9 0.3 
2 11 0.3 
3 11 0.3 
4 11 0.3 
6 11 0.3 

10 11 0.3 
11 11 0.3 
3 12 0.3 
4 12 0.3 
3 13 0.3 

11 13 0.3 
6 14 0.3 



Flowrate.dat 

10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Note: This is a partial file it should have 33 columns entered zeros for the flow rate of 
each of the 33 wells in the North Avra Valley Model. 

Pressure.dat 

PRESS 
(PSI) 

33 
10 783 1 779 1 779 1 780 1 811 1 772 1 778 1 

Note: This is a partial file it should have 33 columns entered zeros for the flow rate of 
each of the 33 wells in the North Avra Valley Model. 

Boundary .dat 

1 0 0 0 0 0 0 0 

0 

1 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 0 0 0 0 0 0 0 0 

691.67 691.67 691.67 0 0 0 0 0 0 0 

691.67 0 

691.67 0 

0 0 
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0 0 
0 0 

0 0 

0 0 
0 0 

0 0 

0 0 

0 0 

0 32293 

0 32293 

0 94144 

0 70412 

0 0 

0 0 0 19858 18896 14593 17141 17618 17927 18280 

Note: This is a partial file it should extend 16 columns for each model cell of the 16x16 
North A vra Valley Model grid. 

Pinit.dat 

pinit.dat 
1 

h 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 
764.52 

Note: This is a partial file it should extend 16 columns for each model cell of the 16x 16 
North A vra Valley Model grid. 



Kinit.dat 

kinit.dat 
1 

15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
15.74 
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Note: This is a partial file it should extend 16 columns for each model cell of the 16x16 
North A vra Valley Model grid. 



APPENDIXE 

Example of Serial PEST-SSC Parameters Files for Constraint Interval of 3 

SSC Parameter File: 

Permeability Inversion with Sequential Self Calibration 
******************************************************* 

START OF PARATERS: 
wells.dat -file with local well conditioning ln(K) data 
1 2 3 4 -columns for X, Y coordinate, Perm. & Error 
39 33 -num. of ln(k) data and num. of wells with flow data 
0 -index for identifying desired histogram 
histsmth.out -file with ln(K) histogram (scale of SSC model) 
1 0 -columns for permeability and weight 
15.85795 0.34724 -mean and variance ofln(K) distribution 
wellpara.dat -file with resevoir and well data 
flowrate.dat -file with input flow rate and time step data 
pressure.dat -file with input pressure data 
boundary.dat -file with boundary conditions 
pinit.dat -file with initial pressure for the entire field 
kinit.dat -file with input realizations 
1 1 1 -number of realizations 
-999. l.Oe21 -trimming limits for missing values 
0 -debugging level 
scc.dbg -file for debug output 
sec.out -file for output ln(K) permeability realizations 
obj.out -file for output objective function after each iter 
prematch.out -file for output matching of pressure responces 
16 2640 5280 -X grid size: nx, xmn, xsiz 
16 2640 5280 -Y grid size: ny, ymn, ysiz 
38774 -random number seed 
2 4 -number of master points in X and Y (random strat.) 
2 -number of outer iterations to update mater points 
3 -factor for defining constraint interval for opti. 
50 0.6 0.001 -max num of outer iter, dampening para & min tol 
70 le-4 5e-3 5e-2 10 -optimization parameters (see text) 
28000 -search radius 
1 6 -ndmin, ndmax 
1 -type ofkriging (0: SK, 1: OK) 
1 0.056 -variogram model: num struc, nugget effect 
1 0.306 135 24350 14000 -type, sill. azm, max range, min range 
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PEST Control (.pst) File: 

pcf 
* control data 
no restart 
16 33 2 0 3 
1 1 single point 
1.000000e+OOl 2.000000e+OOO 3.000000e-001 l .OOOOOOe-002 7 
1.000000e+OOl 1.000000e+OOl l .OOOOOOe-003 
1.OOOOOOe-001 
10 1. OOOOOOe-002 3 3 1. OOOOOOe-002 3 
1 1 1 
* parameter groups 
Flux relative 1.000000e-002 O.OOOOOOe+OOO always_3 2.000000e+OOO parabolic 
Ch relative 1.000000e-002 O.OOOOOOe+OOO always_3 2.000000e+OOO parabolic 
* parameter data 
Wql none relative 32293 16147 48440 Flux 1.0 0.0 
Wq2 none relative 32293 16147 48440 Flux 1.0 0.0 
Wq3 none relative 94144 47072 141216 Flux 1.0 0.0 
Wq4 none relative 70412 35206 105618 Flux 1.0 0.0 
Wq5 none relative 19858 9929 29787 Flux 1.0 0.0 
Wq6 none relative 18896 9448 28344 Flux 1.0 0.0 
Wq7 none relative 14593 7297 21890 Flux 1.0 0.0 
Wq8 none relative 17141 8571 25712 Flux 1.0 0.0 
Wq9 none relative 17618 8809 26427 Flux 1.0 0.0 
WqlO none relative 17927 8964 26891 Flux 1.0 0.0 
Wql 1 none relative 18280 9140 27420 Flux 1.0 0.0 
Wq12 none relative 16257 8129 24386 Flux 1.0 0.0 
Wq13 none relative 11494 5747 17241 Flux 1.0 0.0 
Wq14 none relative 6104 3052 9156 Flux 1.0 0.0 
W q 15 none relative 2850 1425 4275 Flux 1.0 0.0 
Chl none relative 702 351 1053 Ch 1.0 0.0 
* observation groups 
Head 
Grad 
Angle 
* observation data 
ol 788.260 1.000000 Head 
o2 782.630 1.000000 Head 
o3 779.160 1.000000 Head 
o4 779.160 1.000000 Head 
o5 779.590 1.000000 Head 
06 810.780 1.000000 Head 
o7 772.470 1.000000 Head 
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08 777.940 1.000000 Head 
o9 787.440 1. 000000 Head 
olO 768.870 1.000000 Head 
ol 1 775.700 1.000000 Head 
012 762.490 1. 000000 Head 
013 768.480 1. 000000 Head 
014 768.330 1.000000 Head 
015 768.770 1. 000000 Head 
016 770.720 1. 000000 Head 
017 780.030 1.000000 Head 
018 757.070 1. 000000 Head 
019 777.240 1. 000000 Head 
020 752.480 1. 000000 Head 
021 760.100 1. 000000 Head 
022 757.120 1.000000 Head 
023 734.120 1.000000 Head 
024 734.120 1.000000 Head 
025 736.280 1.000000 Head 
026 744.950 1. 000000 Head 
027 756.860 1. 000000 Head 
028 760.100 1.000000 Head 
029 732.820 1. 000000 Head 
030 734.120 1. 000000 Head 
031 723.290 1. 000000 Head 
032 759.020 1. 000000 Head 
033 736.280 1.000000 Head 
* model command line 
Ssc_sp 
* model input/output 
boundary.tpl boundary.dat 
prematch.ins prematch.out 
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PEST Template File (.tpl) of SSC boundary.dat: 

ptf-
1 1 0 0 0 
1 0 
1 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 0 0 0 0 

- Ch1 - - Ch1 - - Ch1 - 0 0 0 
- Ch1 - 0 
- Ch1 - 0 

0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 0 
0 -Wq1 -
0 -Wq2-
0 -Wq3-
0 -Wq4-
0 0 
0 0 0 -Wq5- -Wq6- -Wq7-

Note: This is a partial file it should extend 16 columns for each model cell of the 16x16 
North Avra Valley Model grid. 
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