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ABSTRACT 

We use geostatistical and pedotrasnfer functions to estimate the three-dimensional 

distributions of soil types and hydraulic properties in a relatively large volume of 

vadose zone underlying the Maricopa Agriculture Center near Phoenix, Arizona. Soil 

texture and bulk density data from the site are analyzed geostatistically to reveal the 

underlying stratigraphy as well as finer features of their three-dimensional variability 

in space. Such fine features are revealed by cokriging soil texture and water content 

measured prior to large-scale long-term infiltration experiments. Resultant estimates 

of soil texture and bulk density data across the site are then used as input into a 

pedotransfer function to produce estimates of soil hydraulic parameter (saturated and 

residual water content θs and θr, saturated hydraulic conductivity Ks, van Genuchten 

parameters α and n) distributions across the site in three dimensions. We compare 

these estimates with laboratory-measured values of these same hydraulic parameters 

and find the estimated parameters match the measured well for θs, n and Ks but not 

well for θr nor α, while some measured extreme values are not captured. Finally the 

estimated soil hydraulic parameters are put into a numerical simulator to test the 

reliability of the models. Resultant simulated water contents do not agree well with 

those observed, indicating inverse calibration is required to improve the modeling 

performance. The results of this research conform to a previous work by Wang et al. 

at 2003. Also this research covers the gaps of Wang’s work in sense of generating 3-D 

heterogeneous fields of soil texture and bulk density by cokriging and providing 

comparisons between estimated and measured soil hydraulic parameters with new 

field and laboratory measurements of water retentions datasets.  
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CHAPTER 1 

INTRODUCTION 

1-1 Background and Motivation 

Water flow and solute transport in the vadose zone play a key role in 

agriculture, environmental and water resource management problems. Flow in 

unsaturated subsurface zone is complex and non-linear and cannot be observed 

directly. As a result, computer simulation models are widely used to compute 

subsurface water flow from appropriate system characteristics and boundary 

conditions.  While boundary conditions, such as evaporation, infiltration and 

groundwater level, can often be specified with sufficient accuracy, system properties 

such as water retention and hydraulic conductivity are often unknown.  Access to 

hydraulic properties is often limited due to the complex measurement techniques, 

budget constraints, long measurement times, or simply the difficulty of obtaining 

good quality samples from deep vadose zones. On the other hand, it is generally easier 

to obtain such data as moisture content, soil texture, bulk density and geophysical 

data. In such situations, both inverse and forward methods have been developed to use 

limited measurements to predict water flow as well as solute transport in unsaturated 

zone. The inverse methods estimate soil hydraulic properties generally by calibrating 

soil hydraulic parameters to achieve the best fitting between model predictions and 

actual soil moisture dynamics observations in the site (Zhang et al., 1997; Wang et al., 

2003; Liu et al., 2004; Zhang et al., 2004; Ward et al., 2006). Inverse methods can 

give reliable estimates (Li et al., 1999; Hughson et al., 2000) of soil hydraulic 

parameters and subsequently improved predictions of subsurface water flow, 

however, inverse modeling requires solving Richards’ Equation iteratively, requiring 



10 

 

considerable computational time, especially for the large scale experiment describe in 

this thesis. 

In contrast to inverse models, forward methods are easier to run and 

computationally more efficient if the required soil hydraulic characteristics are 

available.  However, as stated earlier, measured hydraulic parameters are difficult to 

obtain. Instead, significant vadose zone research efforts have gone into defining 

pedotransfer functions (PTFs). Typical PTFs estimate hydraulic properties from input 

data such as soil texture, bulk density, moisture content and organic carbon (e.g. 

Cosby et al., 1984; Rawls and Brakensiek, 1985; Vereecken et al., 1989; Rockhold et 

al, 1996; Schaap and Bouten, 1996; Wösten et al., 1999; Schaap et al., 2001).  The 

data requirements for a forward vadose zone simulation model can thus, in principle, 

be satisfied by applying PTFs to known distributions of texture and other possibly 

relevant data.  At the same time, however, it should be realized that PTFs provide 

estimates of hydraulic properties, indicating that the resultant values may be subject to 

random or even systematic error that can adversely affect the quality and accuracy of 

the forward simulation.   

Two previous studies were carried out where a forward vadose zone flow 

model was combined with PTFs. Ye et al. (2007) and Deng et al. (2009) used a 

combined method of geostatictical analysis and artificial neural network (ANN) 

modeling to estimate soil hydraulic properties in the U.S. Department of Energy’s 

Hanford Site in southeastern Washington State and simulated an injection experiment 

conducted in 2000. Ye’s research achieved good agreements of soil hydraulic 

parameters between simulation and observation results during injection experiments 

across 3-D heterogeneous unsaturated zone, particularly because a site-specific PTF 

was developed to deal with the coarse nature of the Hanford soil textures.  Wang et 
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al. (2003) worked on data from a deep vadose zone infiltration site at University of 

Arizona’s Maricopa Agriculture Center and generated 1-D and 2-D soil hydraulic 

parameters fields by applying PTFs on texture data derived from geostatistical 

analysis.  In contrast to Ye et al. (2007) and Deng et al. (2009), Wang et al. (2003) 

found a poor correspondence between the resulting simulated and observed moisture 

patterns.  After carrying out Bayesian updating and inverse simulations they 

obtained significantly better results. Another cause of this poor agreement was Wang 

had no measured hydraulic property values at his proposal, so collect such data and 

put them into consideration is one of the main objectives of my project. 

Possible reasons for the difference between the results for the two sites is that 

a larger and more closely-spaced moisture data base was available for the Hanford site 

than for the Maricopa site and that Ye et al. (2007) treated all the data in 

3-dimensional framework and used a site-specific PTF whereas Wang et al. (2003) 

used a “general” PTF (Schaap et al., 2001) that was not specifically calibrated for the 

Maricopa data because there were no hydraulic property measurements to calibrate 

against. Wang et al. (2003) also had no bulk density in the layers deeper than 5 meters 

as well as the hydraulic parameters due to lack of laboratory measurements. This 

obviously had the potential to introduce large errors in the PTF estimates, but no 

suitable hydraulic data were available to verify the PTF estimates. In 2005 Yao and 

Schaap (personal communication) conducted two field campaigns to obtain detailed 

texture distributions down to 15m and to collect undisturbed soil cores for 

measurement of water retention and hydraulic conductivity.  Based on their work, I 

will partially follow the Ye et al. (2007) approach of using PTFs combined with a 

geostatistical characterization to generate 3-D soil and hydraulic property fields in a 

deep volume of unsaturated soil with the limited data sets obtained in Maricopa Site. 
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These fields are subsequently used to simulate a flow experiment that was carried out 

at the site. 

1-2 Research Objectives 

The objective of this research is, based on Ye and Wang’s methods, using the 

updated data sets from field and lab measurements more than those available to 

Wang, to develop a combination method of cokriging (which was not done by Wang), 

ANN-based PTFs and inverse modeling (which was not done by Ye) to improve the 

estimation of 3-D soil hydraulic parameters distributions across the MAC site, to 

make a unique comparison of estimated soil hydraulic properties based on the forward 

method and those from field and laboratory measurements, and to test the ability how 

accurately this combined method can reproduce the actual long term large scale 

infiltration experiments. This research will also try to find out with the newly obtained 

datasets whether Wang’s results could be improved to a satisfactory level. The 

following questions are being tried to answer: 

1. How well can variogram analysis reflect the spatial variability and correlation 

across the site? 

2. Can cokriging be used to represent the site-specific 3-D distributions of soil 

texture and bulk density? 

3. Using the cokriged soil texture and bulk density fields as input into a PTF, to 

what level of accuracy can the the 3-D distributions of soil hydraulic 

properties be generated. Do the hydraulic properties agree with the 

lab-measured ones? 
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4. With the soil hydraulic parameters generated from ANN-based PTFs, can we 

accurately reproduce the actually conducted large scale infiltration 

experiments across the vertically stratified layered structure site? 

5. With the limited of available data sets of soil texture, bulk density and 

moisture content, whether the combination method of geostatistics, ANN and 

inverse modeling can achieve much better results than Wang’s and match 

Ye’s? If not, what are the main causes of the deviation between estimated and 

measured parameters and between simulated and observed moisture content, 

cokriging uncertainty or ANN estimations or simulation? What types of other 

data sets are still required, and how many, to lead to reliable outcomes? Are 

inverse modeling and Bayesian update and other techniques needed to better 

improve the performance? 

6. With the updated datasets and combined methods of cokriging and 

ANN-based PTFs can we improve Wang’s results significantly? If so, what 

are the significant improvements? If not, what are the main limitations and 

what further improvements we need to make? 

7. There were no site-specific PTF in the previous research at Maricopa site 

because there were quite limited measurements available to Wang. However, 

with the newer obtained retention curve data and lab-measured hydraulic 

parameters data, can we develop a site-specific PTF to improve the 

estimations and predictions for Maricopa site? 

1-3 Methodology 

Following the flowchart shown in Figure 1, we first collected field and 

laboratory measured soil texture and bulk density data (treated as PTF input 

variables), and moisture content data, then conducted geostatistical analysis to obtain 
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the variagram model and parameters of each variable, then cokrige the limited 

measured data points to 3-D fields. After conducting cross validation to test the 

reliability of the variogram models and parameters, the 3-D fields of soil texture and 

bulk density distribution were put into ANN based PTF Rosetta (Schaap et al., 2001) 

to estimate the 3-D field of hydraulic parameters including residual water content θr, 

saturated water content θs, van Genuchten parameter α and n, and saturated hydraulic 

conductivity Ks. These parameters were subsequently compared with lab measured 

hydraulic parameters. Bayesian updating of the ANN results will be conducted in the 

future to eliminate the estimation bias. Another examination of the estimations were 

using the generated parameters to simulate a large scale long term infiltration 

experiment, by comparing the resultant moisture content distribution with the actually 

observations to see if these parameters can well reproduce the infiltration experiment. 

If the agreement between simulation and observation of water content is not as good 

as expected, then uncertainty assessments and inverse calibration of the simulation 

flow models will be left to complete in the future. Detailed descriptions and 

illustrations of the proposed method will be discussed in Chapter 3. 

1-4 Thesis Overview 

In this thesis, Chapter 2 first describes the site characteristics of the Maricopa 

Environmental Monitoring Site (MEMS), how the infiltration and tracer experiments 

were conducted and how the data sets of soil texture, moisture content, bulk density 

and retention parameters were obtained and measured. Chapter 3 discusses about the 

geostatistical analysis in detail, including histogram analysis, variogram analysis and 

cokriging. Particular descriptions of ANN-based PTFs are also presented in Chapter 3. 

Results of geostatistical analysis and heterogeneous fields of soil hydraulic parameters 

generated by ANN are discussed in Chapter 4. The following Chapter 5 concerns 
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about simulation settings and results, which also compares simulated and observed 

moisture content of the infiltration experiments. Chapter 6 concludes the thesis and 

future work is proposed in Chapter 7.  
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density
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Figure 1. Flowchart of proposed methods (measurements in green, geostatistical 
analysis in yellow, Rosetta estimations and Bayesian updating in blue, simulation in 

orange, uncertainty assessments in purple, inverse calibration in grey, and final 
objective in pink) 
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CHAPTER 2 

EXPERIMENTAL DESCRIPTION 

2-1 Site Description 

The Maricopa Environmental Monitoring Site (MEMS) is located within the 

Maricopa Agriculture Center (MAC), approximately 42 kilometers southwest of 

Phoenix, AZ, which is situated within the Basin and Range region (Figure 2 & 3). This 

region is characterized by northwest to southeast trending mountain ranges separated by 

broad alluvial valleys (ADWR, 1993). Near Maricopa the alluvium in the basin is 

approximately 60 to 150 meters thick and is comprised primarily of unconsolidated to 

slightly consolidated sands and gravels. Some finer grained lenses are distributed 

throughout the unit and a localized perched zone of groundwater exists at approximately 

14 - 15 m depth. The region climatically semi-arid and precipitation is characterized by 

intense, short duration summer storms and longer duration low intensity winter rains, 

and receives approximately 20 cm of rainfall annually. The region experiences hot 

summers, and mild winters with an average annual temperature of 21°C. 

2-2 Infiltration and Tracer Experiment Description 

Infiltration and tracer experiments were conducted on a 50 m x 50 m area of the 

site (Young et al. 1999; Yao, 2001). The area was covered with 60 m x 60 m pond liner 

over the drip system to minimize the effect of surface evaporation (Figure 4). Figure 5 

shows the distribution of monitoring equipment within the site. Borehole monitoring 

equipment consists of neutron probe access tubes, tensiometers, and solution samplers. 

Nine neutron probe boreholes were drilled to 15 m depth, and several others to 3 m 

depth. Solution samplers near the nine deep boreholes were installed at depths of 3, 5, 

and 10 m. Solution samplers in the Monitoring Islands were installed at depths from 0.5 
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to 3.0 m at 0.5 m intervals. Only data from the neutron measurements were used for this 

thesis.  However, other monitoring equipment was installed along a trench, within two 

islands. The backfilled Monitoring Trench is 65 m long, 1.5 m deep and contains 

various instrument clusters at 10 m intervals. The Monitoring Islands were dug to 3 m 

depth, and instruments installed to measure soil water tension, soil water content, and 

tracer concentration. 

Four infiltration and tracer experiments have been conducted at the MAC site 

(Young et al. 1999; Yao, 2001) in total. Their purpose was to test a variety of 

alternative monitoring techniques during these four large-scale infiltration and tracer 

experiments. Water was uniformly applied to the 50 m x 50 m area using a drip 

irrigation system at a controlled rate. In this research I use mostly experiment 3 data to 

develop and test alternative subsurface flow models. Experiment 4 data are planned to 

be used in the future (due to time limitation) to develop and test alternative subsurface 

transport models and their uncertainty. 

Experiment 3 started on April 24, 2001. Water was applied at a flux of 2.67 

cm/day for 28 days followed by a redistribution phase of 337 days (365 days in total). 

The irrigation water added 10 times a day lasted for 6 minutes per application. The total 

depth of irrigated water was 74.5 cm. Water content and soil water tension 

measurements at the 9 boreholes were collected intensively for the duration of the 

experiment. Tension readings were recorded hourly with three tensiometers (3, 5, and 

10 m depths) at the 9 locations. Neutron probe measurements were taken daily at depth 

intervals of 25 cm from the surface down to the water table at each of the 9 deep cluster 

sites. After the water reached ten meters at all monitoring devices, water was turned off 

for the redistribution phase. Additional data were collected during water redistribution 

for the purpose of more detailed soil hydraulic properties characterization. The 
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instantaneous profile method (Yao, 2001) was used to calculate unsaturated hydraulic 

conductivity values at selected depth at each of the 9 monitoring sites. Neutron meter 

count rates were converted to volumetric water contents using a four layer neutron 

calibration model (Yao, 2001). During the course of this experiment, the layered 

character of the soil at the site was more clearly identified and differentiated than 

experiment 1 and 2. The data collected during experiment 3 was used in thesis research 

to develop water flow models. 

Experiment 4 was started on March 26 of 2002. Water containing bromide at a 

concentration of 23.3 ppm was applied at a rate 2.67 cm/day for the first 10 days. Water 

was applied 12 times per day for 5 minutes per irrigation. Water was applied for 26 

days, and the total depth of irrigated water was 69.7 cm. Soil water was sampled 

frequently at 1.5, 3, 5, and 10m depths for all 9 locations. In order to find the reason for 

some of these unexpected behavior 11 additional suction cups were installed (Yao, 

2001), 2 at the 1.5 m depth, and 9 at the 3.0 m depth. A second pulse of bromide was 

added 84 days after the first pulse for 5 days at a concentration of 44 ppm. Irrigation, 

monitoring of the water content and tension, and sampling of the pore water were 

continued until November of 2002. All data collection was terminated after December 

2002. The data collected during experiment 4 could be used to develop transport models 

in the future. 

2-3 Data Description 

There are 402 core samples were collected in a deeper level (0- 14 m) from the 

nine boreholes (42 from borehole 1, 2, 4, 7, 8, 9 each; 47 from borehole 3; 63 from 

borehole 5 and 40 from borehole 6) than Wang’s (surface to 3 m) to measure soil 

textures in laboratory (Yao et al, 1999, 2002). The data sets from these 402 samples 

provide soil texture data sand%, silt% and clay%. However, saturated hydraulic 



19 

 

conductivity data, bulk density data and retention curve data was measured from only 

23 of total 402 core samples (10 from borehole 7, 11 from borehole 6 and 2 from 

borehole 5) (Shouse, 2008), providing the data sets of saturated hydraulic conductivity 

(cm/d) and bulk density (g/cm3). The retention parameter including saturated moisture 

content (cm3/cm3), residual moisture content (cm3/cm3), van Genuchten α (1/cm) and n 

(-) were obtained via fitting moisture retention curve data to the models such as van 

Genuchten equation (1)  

( )
[1 ( ) ]

s r
r n m

θ θ
θ ψ θ

αψ
−

= +
+

                              (1) 

where θ(ψ) is volumetric water content (cm3/cm3) at pressure head ψ (cm), the 

parameters θr and θs are residual and saturated water contents, respectively (cm3/cm3); 

α (>0, cm-1) is related in an approximate manner to the inverse of the air entry pressure, 

and n (>1, -) is a pore-size distribution parameter (van Genuchten, 1980). The parameter 

m is equal to 1 - 1/n. 

There are a total of 360 measurements (40 per borehole) of initial moisture 

content before the irrigation experiments from neutron probe, and the same amount of 

measurements in each of the observation days during the infiltration and redistribution 

processes in experiment 3 and 4, providing 28 days’ moisture content data during the 

whole infiltration process.  

Note that most of these data are newly obtained and not available to Wang. Both 

Wang and I have soil texture data available down to 15 m. The differences between 

Wang’s datasets and mines are: I have newly obtained hydraulic properties datasets (not 

available to Wang) and bulk density data sets in full depth till 15 m (Wang only had 5 m 

bulk density datasets), which can provide a meaningful comparison to see how much we 

can improve the property estimates than Wang with the updated datasets.  
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Figure 2. Location of Maricopa Agriculture Center site 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Figure 3. Satellite photo of MAC site 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 4. Pond liner covered Maricopa experiments site 
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Figure 5. Monitoring boreholes locations (1-9) and coordinates for experiments 3 and 4 
(Circles for neutron probe access tubes, diamonds for suction cups, and squares for 

tensiometers) 
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CHAPTER 3 

METHODOLOGY 

3-1 Direct and Cross Variogram Analysis 

3-1-1 Measures of Spatial Variability 

The first way to statistically characterize spatial variability of geologic media is 

variogram analysis. Variograms and cross-variogram scan be calculated via (Journel 

and Huijbregts, 1978) 

( )

1

1
( ) [ ( ) ( )][ ( ) ( )]

2 ( )

N

ij i k i k j k j k
k

Z Z Z Z
N

γ
=

= + − + −∑
h

h x h x x h x
h

               (2) 

where N (h) is the number of sample pairs separated by distance vector h, Z(xk) is the 

value of variable Z (can be either Z or Y ) at location xk of the kth data pair, and Z(xk + 

h) is the value of the same variable at a separation distance of h of the kth data pair. 

When i = j, γij indicates the variogram of variable Zi = Zj; when i ≠  j, γij is the 

cross-variogram of variable Zi and Zj. While a variogram is always positive, a 

cross-variogram can be negative, indicating that an increase in one variable may 

correspond to a decrease in the other variable.  

Theoretically, the variogram is 0 at the origin and increases with separation 

distance h. However, it is common to have a nonzero value of the variogram at the 

origin, known as nugget effect, which represents sampling error or the variability 

ignored by large sampling scales. 

Z(x) is said to be second order stationary if it has a constant mean E[Z(x)] = m 

for all x and a covariance 

[ ( ), ( )] [( ( ) )( ( ) )] ( )Cov Z Z E Z m Z m Cov+ = − + − =x x h x x h h                   (3) 
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( ) (0) ( )Cov Covγ = −h h

that depends only on the lag h and not on the location x. If Z(x) is second order 

stationary, then its variogram is related to the spatial auto-covariance via 

                              (4) 

When Z(x) is second-order stationary, if the variogram eventually stabilizes at a 

finite value called sill, equal to Cov (0) in Equation (4). The distance at which the 

variogram stabilizes is designated range a, defined as a characteristic length beyond 

which Z(x) values are not considered spatially correlated. If the variogram never 

stabilizes, then there is not an actual range, so we introduce the term integral scale λ, 

defined as the area under an autocorrelation function, if the area is positive and nonzero. 

For example, if an exponential autocorrelation function is considered, the integral scale 

is given as 

                                    (5) 

where h is the lag distance and ρ(h) is the corresponding autocorrelation function, as 

shown in Figure 6 below, the area of the rectangular defined by λ is equal to the gray 

area under the function curve: 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Definition of integral scale for the exponential function 
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If γ(h) depends only on the magnitude of h and not on its direction, then Z(x) is 

said to be statistically isotropic; otherwise it is anisotropic. In the anisotropic case, if 

variograms of a multi-dimensional data set have the same sill values but different 

integral scale values in different directions, it is called geometric anisotropy. 

Variograms of a data set have different sill values and integral scale values in different 

directions are called variograms with zonal anisotropy. A variogram computed in all 

directions then it is called omni-directional variogram; if only computed in horizontal 

direction, it is horizontal variogram and if computed vertically downwards it is vertical 

variogram. In this research I computed both horizontal and vertical variograms to assess 

the spatial variability and correlation across MAC site.  

3-1-2 Sample Variogram and Theoretical Variogram Models 

In general, sample variograms of a spatial data set are estimated from observed 

data using Equation (2) in a discrete form. Software packages such as Geo-EAS or 

GSLB (Deutsch and Journel, 1992) are readily available for the analysis. As illustrated 

in Figure 7, the sample variogram generally fluctuates, in particular at large separation 

distances where the number of data pairs becomes small. As a consequence, the sample 

variograms at large lags are generally of little statistical significance. A sample 

variogram is often fitted with a continuous theoretical variogram model and the spatial 

structure of the data set is then described by the name of the theoretical model and its 

associated model parameters. The calculation of sample variogram of MAC data sets in 

my research and the fitting to the theoretical variogram models are detailed discussed in 

Chapter 4. 
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Figure 7. An illustration of a sample variagram and theoretical variogram 

 

In this research five theoretical variogram models were considered, all of which 

are common used in geostatistical analysis to describe sample variograms (Isaaks and 

Srivastava, 1989; Deutsch and Journel, 1998). 

1. Exponential Model 

( ) [1 exp( )]
h

h cγ
λ

= − −                             (6) 

The sill is c and the integral scale is λ. This model is widely used in 

hydrology field. As discussed later, this model is the most proper one to 

apply in my research. 

2. Gaussian Model 

2( ) [1 exp( ( ) )]
h

h cγ
λ

= − −                        (7) 

This model is defined by sill c and the integral scale λ. 

3. Spherical Model 

h 

γ(h) 
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( ) 2 2
,

h h
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h a a
c h a

γ


− ≤
= 
 ≥

                       (8) 

This model is defined by sill c and range a. Note that unlike spherical 

model, neither exponential nor Gaussian model has a true range so we 

use integral scale to reflect the spatial correlation for them. 

4. Power Model 

( )h chωγ =                                      (9) 

This model is defined by a power 0 < ω <2 and positive slope c. 

5. Hole Effect Model 

( ) [1 cos( )]
h

h c
π

γ
λ

= −                         (10) 

This model is defined by the length λ to the first peak and sill c. 

A truncated power model was introduced by Di Federico and Neuman, 1997. 

3-1-3 Weighted Least Square Fitting 

In this research, weighted least squares (WLS) method is used to fit a model to 

the sample variogram. If a variogram model is fixed, actually WLS will only determine 

the parameters of the variogram model. Let Ф be a vector of parameters, e.g. Ф = [c, λ] 

and let γ(hj; Ф) be a variogram model with parameter vector Ф. Let h1,...hK be a 

sequence of choices of h and γ(hj) the values of the the sample variogram. The optimal 

variogram model parameters c and a are determined by minimizing 

2

1

( ) [ ( ) ( ; )]
K

j j j
j

f w h hγ γ
=

Φ = − Φ∑                            (11) 

where the wj’s are weights. There are several different possible choices for the weights: 
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1. wj = 1 for j=1,....,K 

2. wj = N(hj) 

3. wj = N(hj)/[γ(hj; Ф)]2 (Cressie,1985 and Genton, 1998) 

4. wj = N(hj)/||hj|| 

where N(hj) is the number of pairs in the class/bin corresponding to hj and ||hj|| is the 

magnitude of the vector hj. In this research, I chose the 4th method to fit the sample 

variograms because which considers both the effects from not only number of pairs but 

also lag distance, as detailed discussed in Chapter 4. 

3-1-4 Cross Validation 

The minimized least squares is a measure of how well the model fits the data in 

a certain sense. There are user choices in this statistic and hence it may not be the best 

choice in all cases (Myers, 1991). Cross-validation is another tool for evaluating the 

fitted model vs. the measured data. This suggests the use of the jackknife (Deutsch and 

Journel, 1998) or leave-one out technique. Sequentially, one at a time, a data location is 

temporarily removed from the data set and the value is estimated using only the 

remaining data locations. Let Z(si) be the original data value, Z-i*(si) the estimated 

value, σ-i the kriging standard deviation. If the model is a good fit then one would 

expect all the differences Z(si) - Z-i*(si) to be small. That is, the estimated values should 

be “close” to the actual values. “Closeness” can be evaluated in several different ways 

(Myers, 1991 and Davis, 1987) which include 

1. Mean difference 

                           (12) 

the expected value of the mean difference is zero, hence E1 should be close to zero. 

Note that “close” may have to be interpreted in terms of the magnitudes of the data 

*
1

1

1
[ ( ) ( )]

n

i i i
j

E Z s Z s
n −

=

= −∑
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values. Also note that E1 is an average of possibly both negative and positive numbers, 

hence it might be close to zero even though the individual differences are large. 

2. Mean square normalized difference 

* 2

2 2
1

[ ( ) ( )]1 n
i i i

j i

Z s Z s
E

n σ
−

= −

−
= ∑                               (13) 

The expected value of this statistic is one.  

3-2 3-Dimensional Cokriging 

Denoting Z(xZ,0) for each of the pedotransfer variables (sand%, silt%, clay% and 

bulk density) at point xZ,0, cokriging Z(xZ,0) is a linear combination of the primary 

variable and the secondary variable (here I use initial moisture content θi, denoted as Y) 

via traditional ordinary cokriging (Journel and Huijbregts, 1978) 

*
,0 ,0 , ,0 ,

1 1

( ) ( ) ( ) ( ) ( )
I J

COK Z i Z Z i j Z Y j
i j

Z u Z v Y
= =

= +∑ ∑x x x x x                           (14) 

where ui is weight applied to sample Z at location xZ,i and vj is weight applied to sample 

Y at location xY,j. Cokriging system of equations can be found in (Journel and 

Huijbregts, 1978), (Yates and Warrick, 1987), and (Isaaks and Srivastava, 1989). 

Cokriging entails direct variograms ZZγ  and YYγ  of Z and Y, and cross variograms 

YZγ  and ZYγ  between Z and Y, which quantify spatial variation and correlation of Z 

and Y. The variogram and cross variogram functions can be calculated via Equation (2) 

as we mentioned before. 

The traditional ordinary cokriging of (13) may severely limit the influence of the 

secondary variable Y (θi) on the primary variable Z. A standardized ordinary cokriging 

can resolve this problem by rewriting (13) as  

*
,0 ,0 , ,0 ,

1 1

( ) ( ) ( ) ( )[ ( ) ]
I J

COK Z i Z Z i j Z Y j Z Y
i j

Z u Z v Y m m
= =

= + − −∑ ∑x x x x x                 (15) 
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where mZ and mY are the stationary mean of Z and Y (θi). The standardized cokriging is 

superior to the traditional cokriging (Isaaks and Srivastava, 1989). The second order 

stationary requirement of cokriging is satisfied for the θi observations based on the 

research of (Ye et al., 2005). In my research, I select standardized ordinary cokriging 

(Equation 14) since I have more initial water content data (as secondary variable) to 

generate 3-D fields of pedotransfer variables. 

3-3 Artificial Neural Network 

3-3-1 Pedotransfer Functions 

Pedotransfer Functions (PTF, Bouma and van Lanen, 1997) are common 

methods to translate soil pedologic data into hydraulic parameters. Class PTFs translate 

soil texture into mean hydraulic parameter values or corresponding probability 

distributions based on three generic data bases RAWLS, ROSETTA and CARSEL.  

1. RAWLS (Rawls et al. 1982) is Based on 5401 soil samples from across US and 

the mean values and standard deviations of hydraulic parameter estimates with 

moisture retention data are based on Brooks-Corey model  equation and related to 

11 USDA soil texture classes  

Based on this data base Rawls and Brakensiek (1985) developed a regression 

equation relating hydraulic parameters to pedologic soil indicators. 

2. ROSETTA (Schaap and Leij 1998) is pooled from parts of AHUJA (Schaap 

and Leij 1998), UNSODA (Leij et al. 1996) and RAWLS data bases which contains 

actual and mean estimates of van Genuchten water retention parameters for 2124 

soil samples and Ks for 1206 soil samples and related to 12 USDA soil texture 

classes. 
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Based on this data base Schaap et al. (1998) developed a neural network 

model relating hydraulic parameters to pedologic soil indicators.  

3. CARSEL (Carsel and Parrish 1988) is based on 15737 soil samples collected 

by Natural Resources Conservation Service (NRCS) in 42 US states containing 

solely textural data, compared to the other two data bases, there are much smaller 

sand portion of samples than in RAWLS and ROSETTA, larger sandy-loam portion 

than in RAWLS and larger portion of fine-textured samples than in RAWLS and 

ROSETTA. 

Based on this data base, the Rawls-Brakensiek regression model and Monte 

Carlo simulations, Carsel and Parrish derived probability distributions of Ks, θr, θs, 

α and n for 12 USDA textural soil classes. Meyer et al. (1997) extended these 

results to include Brooks-Corey model estimates, effective porosity, field capacity, 

wilting point and available water content. 

3-3-2 Artificial Neural Network 

Artificial neural network (ANN) based PTFs were introduced as an 

improvement over the regression method (Schaap et al, 1998). ANN based analysis for 

estimating soil hydraulic properties has been used by several authors (Pachepsky et al., 

1996; Schaap and Bouten, 1996; Minasny et al., 1999; Pachepsky et al., 1999). An 

advantage of ANN-based PTFs, compared to regression-based pedotransfer functions, is 

that neural networks require no a priori conceptual model. Near-optimal, possibly 

nonlinear relations that link input data (particle-size data, bulk density, etc.) to output 

data (soil hydraulic parameters) are obtained and implemented using an iterative 

calibration procedure. Schaap et al. (1998) used neural network analyses to predict van 



31 

 

Genuchten moisture retention parameters and saturated hydraulic conductivity. Schaap 

et al. (1998) found that neural network-based PTFs provided better predictions than 

regression-based PTFs. The research of Wang et al. (2002) based on local data partly 

supports this viewpoint. But there is no enough evidence showing a particular PTF is 

superior to others and of universal applicability. Site-specific PTFs are still needed to be 

developed (Schaap et al., 2006), such as the Hanford site-specific PTF discussed in 

Chapter 1. 

3-3-3 ANN based PTFs ---- Rosetta 

Rosetta (Schaap et al., 2001) is used to estimate water retention parameters in 

van Genuchten equation, given by equation (1). Rosetta uses a hierarchical approach 

that allows users to estimate water retention parameters θr, θs, α and n using limited to 

more extended sets of predictors (Schaap et al., 1998, 2001). The first model (H1) is a 

class PTF, consisting of a look-up table that provides parameter averages for each 

USDA soil textural class (see Table 1). The second model (H2) uses sand, silt, and clay 

percentages as input and, as opposed to H1, provides hydraulic parameters that vary 

continuously with texture. The third model (H3) includes bulk density as an additional 

predictor, while the fourth model (H4) uses the water content at 330-cm pressure head. 

The fifth model (H5) includes the water content at 15, 000 cm pressure in addition to 

the input variables of H4. The choice of pressure heads in models H4 and H5 was 

determined by their availability in the NRCS database (Soil Survey Staff, 1995). Model 

H1 provides the mean values of θr, θs, α and n for each of the 12 USDA textural 

classes. This model thus contains 48 model coefficients (12 classes x 4 parameters). 

Models H2 through H5 provide the same parameters and contain a larger number of 

coefficients without a well-defined meaning (Schaap and Bouten, 1996). The objective 
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function used for the calibration minimized the variance of all hydraulic parameters 

simultaneously according to equation  

                               (16) 

where N is the number of samples and ζ and ζ’ are observed and estimated values of 

hydraulic parameters, respectively. 

Schaap et al., (2004) proposed a parameter modification procedure based on the 

hypothesis that the parameter estimates obtained with Models H1 through H5 can be 

modified to Models H1m through H5m, such that a minimum error in terms of water 

contents can be obtained. We assume that a simple linear translation of the estimated 

parameters is sufficient to reach the minimum variance between estimated and observed 

water contents. For this purpose, each of the estimated retention parameters ζi’ is 

modified to ζi″ according to 

                                 (17) 

Each retention parameter and each PTF H1m through H5m has its own parameters ai 

and bi, which were simultaneously optimized for all four retention parameters for each 

PTF using the original calibration database employed for models H1 through H5 

(Schaap at el., 2001) via the objective function 

                        (18) 

where M is the number of water retention characteristic, N is the number of measured 

points for each retention characteristic, and θ and θ’ are measured and estimated (with 

modified parameters) water contents, respectively. 

Other models included in Rosetta are RBC and RVG (Rawls and Brakensiek, 

1985), COS1 and COS2 (Cosby et al., 1984), VER (Vereecken et al., 1989) and WOE 

(Wösten et al., 1999), see Table 1 below: 
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Table 1. Overview of the most important characteristics of the pedotransfer functions, 
taken from Schaap et al., 2004 

 

3-3-4 Simulation Program STOMP 

STOMP is a computer model, designed to be a general-purpose tool for 

simulating subsurface flow and transport that complements other analytical capabilities 

developed by Pacific Northwest National Laboratory’s Hydrology Group. The simulator 

was specifically designed to provide scientists and engineers from varied disciplines 

with multidimensional analysis capabilities for modeling subsurface flow and transport 

phenomena. STOMP’s target capabilities were guided by proposed or applied 

remediation activities at sites contaminated with volatile organic compounds and/or 

radioactive material. The simulator’s modeling capabilities address a variety of 

subsurface environments, including nonisothermal conditions, fractured media, 

multiple-phase systems, nonwetting fluid entrapment, soil freezing conditions, 

nonaqueous phase liquids, first-order chemical reactions, radioactive decay, solute 

transport, dense brines, nonequilibrium dissolution, and surfactant-enhanced dissolution 

and mobilization of organics. 

The STOMP simulator solves the partial-differential equations that describe the 

conservation of mass or energy quantities by employing integrated-volume 
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finite-difference discretization to the physical domain and backward Euler discretization 

to the time domain. The resulting equations are nonlinear coupled algebraic equations, 

which are solved using Newton-Raphson iteration. The simulator has been written with 

a variable source code that allows the user to choose the solved governing equations 

(e.g., water mass, air mass, dissolved-oil mass, oil mass, salt mass, thermal energy). 

Depending on the chosen operational mode, the governing transport equations will be 

written over one to four phases (e.g., aqueous phase, gas phase, NAPL phase, ice phase, 

solid phase). Solute transport, radioactive decay, and first-order chemical reactions are 

solved using a direct solution technique (e.g., Patankar’s power-law formulation, (total 

variation diminishing) TVD scheme) following the solution of the coupled flow 

equations. Input is directed through semi-formatted text files and output is available 

through a variety of user-directed formats. The simulator recognizes a number of 

boundary condition types and allows their specification both internally and externally to 

the computational domain. 
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CHAPTER 4 

RESULTS AND DISCUSSIONS 

4-1 Spatial Variability and Correlation 

4-1-1 Statistical Analysis 

Figure 8 shows histograms of percent sand, silt, and clay in the nine boreholes 

from a depth between 0.085m and 14.875m with an interval of 0.25m (due to the 

limitation of the amount of lab-measured bulk density, its histogram analysis is not 

included). Table 2 lists corresponding statistical parameters (mean, median, standard 

error, standard deviation, sample variance, 95% confidence level, minimum, maximum, 

skewness, and kurtosis). The mean and median provide information about the center of 

the distribution. The standard deviation indicates the variability of the data. The 

coefficients of skewness and kurtosis represent symmetry and steepness of a 

distribution compared to the normal distribution. Note that skewness and kurtosis 

generally need very large datasets.  These numbers may not mean much.  Also the 

distributions are bounded between 0 and 100% so the assumption of normality does not 

really hold for the case in my thesis. 

The histogram plots show that sand% is mostly over 70%, suggesting it is 

dominant in the Maricopa unsaturated soils. Most samples have sand contents between 

85%-90%. Silt and clay fractions are comparatively small with percentages lower than 

10%. This result coincides the analysis in 2-1 that the alluvium in the basin is comprised 

primarily of sands and gravels. 
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Table 2. Descriptive Statistics of the Soil Texture Data Sets 

 Sand% Silt% Clay% 

Number 402 402 402 

Mean 80.84375 12.91031 6.24875 

Standard Error 0.709578 0.539957 0.287271 

Median 83.15 9.7 5.45 

Standard Deviation 12.69332 9.659036 5.138868 

Sample Variance 161.1205 93.29698 26.40796 

Kurtosis 0.261684 1.064891 0.877727 

Skewness -0.78012 1.041813 1.058173 

Minimum 32.6 0.4 0 

Maximum 99.6 58.5 24.7 

Confidence Level(95.0%) 1.396044 1.062326 0.565186 
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Figure 8. Histogram Plots of Soil Components Distribution 
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4-1-2 Variogram Analysis 

Variogram analysis is used to investigate the spatial variation and the correlation 

between the PTF input variables (percent sand, silt and clay, and bulk density) and the 

initial water content θi before the infiltration experiments. The PTF input variables’ 

sample variograms were first calculated, followed by those of initial moisture content. 

However, due to the limitation of measured data of bulk density, horizontal variogram 

is not available. Only vertical variogram of bulk density was calculated. Since the 

vertical coordinates in depth of measured PTF input variables and initial moisture are 

different, the latter was kriged to the coordinates of the former. Then the cross 

variogram analysis is available to calculate between PTF input variables (percent sand, 

silt and clay, and bulk density) and initial water content θi, and similarly, the cross 

variogram between bulk density and θi is also limited to the vertical direction. All 

variogram analysis was done by GSLIB program GAMV (Deutsch and Journel, 1998). 

The results of sample variograms are shown in Figure 9 and 10. 

4-1-3 Fitting Variogram Models 

There are five models discussed in 3-1-2, and although the hole effect model 

appears to be the most appropriate one to fit the sample vertical variograms and cross 

variograms, such a model performs poorly in the horizontal direction because of the 

strong horizontal layering as also noted by Ye et al. (2007) for Hanford. This is due to 

the fact that periodicity is not observed in lateral directions, where extensive continuous 

layering is present instead (Last et al., 2001). Cokriging using hole effect models fitted 

from sample vertical variograms would thus give unreasonable periodicity in the lateral 

directions, which contradict observed continuous layering along horizontal direction. 

Therefore, other variogram models including spherical, exponential, and Gaussian are 
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called for to properly describe spatial variability in both horizontal and vertical 

directions. I choose exponential and spherical models which are widely used in 

subsurface hydrology. According to my early research, the exponential model performs 

much better than the latter one (the spherical model, though predominantly used in 2-D 

models by Wang (2002), gives quite unreasonable fitting results to the sample 

variograms). Therefore in this thesis all the sample variograms are fitted to exponential 

model.  

In this research, according the variograms have similar values in all horizontal 

directions, so the data set is considered as vertical anisotropic. Such assumption is also 

supported by the horizontal continuity and vertical layered structure shown in Figure 6, 

which means there is only vertical anisotropy and in the horizontal direction it is treated 

as isotropic. So horizontal and vertical variograms are both required to fit to the sample 

variograms. Since the value of horizontal sill is quite close to the vertical sill for each 

variable, as shown in Figure 9 and 10, the soils in our case are considered as geometric 

anisotropic (so we just need one unique fitted sill value for each variable). The 

anisotropy ratio Kh/Kv for the horizontal to vertical saturated hydraulic conductivity at 

the site is approximately assumed as 10, which is the ratio of average horizontal over 

average vertical integral scale. 

A weighted least squares (WLS) method is used to fit the sample variograms by 

minimizing the objective function (10). As discussed in 3-1-3, I tried two ways to set 

the weigh coefficient wj. The first method is to choose the weigh coefficient as the 

number of pairs ( )j jw N h= , and the second method is to choose the weigh coefficient 

as the ratio of the number of pairs over the magnitude of the lag of distance
( )j

j

j

N h
w

h
= .  

The second method considers the effects of the number of pairs as well as the distance; 
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larger weights will be given to where the number of pairs is larger and the lag is shorter. 

Comparison shows that there are not too many differences between the two ways in this 

research. Since we need to consider that at smaller lag distance the contribution of the 

value would be larger, I selected the second method for computing the weigh 

coefficients. The fitting results are listed in Table 3: 

Table 3. WLS Fitting Results of Variogram Models 

Variable Sill Horizontal λ (m) Vertical λ (m) 

Direct Variogram    

Sand% 204.9009 19.29952 2.27977 

Silt% 100.7033 15.65565 2.281957 

Clay% 42.29292 20.96035 4.172669 

Bulk Density 0.015756 17.29649 2.017878 

Initial Water Content 0.00592 17.29649 2.513533 

Cross Variogram    

Sand%-Initial Water Content -0.45902 7.770822 2.918077 

Silt%-Initial Water Content 0.348319 6.905683 2.701022 

Clay%-Initial Water Content 0.110806 9.602339 4.091808 

Bulk Density-Initial Water Content 0.001829 20.01788 6.248122 

From the resultant fitting plots of horizontal variograms shown in Figure 10, the 

horizontal integral scales of sand, silt, clay percentage and initial water content are 19m, 

16m, 21m and 17m, respectively, which are closed to each other, show nearly consistent 

horizontal correlation scale across the site. Notice the sample cross variogram for 

sand%- θi is negative, indicating sand% is negatively correlated with θi that while the 

percent of sand increases the initial water content decreases.  

Because of the sparse measurements of bulk density (only two boreholes 

measurements available), representative horizontal sample variograms and cross 

variograms of the bulk density and θi cannot be calculated. Their horizontal integral 

scales are assumed to be the same as those for θi. 

Figure 10 illustrates the vertical sample variograms and their fitting models. The 

integral scales of the five are quite closed, with an average value of 2.25m, suggesting 

that the average vertical dimension of layering structure at the site is about 2.25m. 
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Both horizontal and vertical variograms give similar results compared to Wang’s 

(horizontal integral scale from 20 m to 25 m while mean vertical integral scales is 2 m). 

The variogram analysis shows that soil component data are correlated over much larger 

distance horizontally than vertically. This confirms a strongly stratified vertical layered 

structure of soils at the site. 
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Figure 9. Horizontal variograms (a) – (d) for (a) sand%, (b) silt%, (c) clay%, (d) θi, and 
horizontal cross variograms (e) – (h) for (e) sand%- θi, (f) silt%- θi, (g) clay%- θi, (h) 

bulk density- θi 
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Figure 10. Vertical variograms (a) – (e) for (a) sand%, (b) silt%, (c) clay%, (d) bulk 
density, (e) θi, and vertical cross variograms (f) – (i) for (f) sand%- θi, (g) silt%- θi, (h) 

clay%- θi, (i) bulk density- θi 
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4-1-4 Cross Validation Results 

To examine the reliability of this fitting model work, cross validation for percent 

sand silt and clay is conducted by GSLIB code KB3D (Deutsch and Journal, 1998). 

Because of the scarcity of bulk density data, there are not enough data available for 

cross validation of this variable. Their results are shown below in Table 4. The relative 

not large mean error (ME) indicates the fitting models and parameters to sample 

variograms are acceptable. 

Table 4. Cross validation results description 

 Mean error Mean squared error Average Variance 

Sand% 6.0311 73.109 80.432 103.9945 

Silt% 4.4879 41.4706 13.1194 62.6007 

Clay% 2.4151 11.0398 6.4488 20.2832 

To have a more vivid comparison between measured and estimated soil texture, 

I selected the corresponding plots of borehole 7 in Figure 11 as an example to express 

the results of cross validation, which shows the estimated soil texture distributions 

along vertical direction from soil surface to 12 m deep in borehole 7 match the shape 

and trend of measured ones well, suggesting the WLS fitting method gives acceptable 

variogram models and parameters that can be safely applied in cokriging. 
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Figure 11. Cross validation results between measured and estimated values of (a) 
sand%, (b) silt% and (c) clay% in borehole 7 

These variogram analysis are superior to Wang’s, the reasons are that first we 

conducted horizontal variogram analysis in all depth while Wang only did for the upper 

1.8 m; second we conducted variogram analysis for the whole 3-D domain while Wang 

divided the 1.8 m soils into six layers and conducted horizontal variogram analysis 

respectively; third we analyzed the spatial features of the site and treated it as geometric 

anisotropic and then illustrated the horizontal and vertical features respectively; finally 

there was no cross validation conducted in Wang’s research while we found an 

acceptable results of cross validation. 

 

c 
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4-2 Cokriging to Generate 3-D Fields of PTF Input Variables 

Using PTF input variables sand%, silt%, clay% and bulk density as primary 

variables with initial moisture content θi as secondary variable, cokriging work is 

conducted in use of program COKB3D of GSLIB(Deutsch and Journal, 1998). 

Considering the infiltration experiments area is 50 m x 50 m and the area of all nine 

boreholes cover is 30 x 40 m, the area of focus cokriging zone is set as 40 m x 44 m 

(Figure 5). Such a setting can both eliminates the well effect from the boreholes on the 

side boundaries and guarantees there is no lateral flow across the side boundaries. The 

top boundary is set as the soil surface, while the bottom boundary is set as deep to the 

elevation of water table (-13m below the soil surface). So the 3-dimensional cokriging 

zone is 40 m x 44 m x 13 m. Such a domain is treated as heterogeneous and geometric 

anisotropic. The cokriging domain is discretized into a grid of 97785 uniform elements, 

each of which is of 1m (∆x) x 1m (∆y) x 0.25m (∆z). The same grid setting is used in 

simulations with STOMP. For such a disretization ensures that the observed moisture 

content during infiltration experiments in the nine boreholes can be simulated directly, 

without need for further data processing. 

Using the fitted variogram models and parameters as input data into COKB3D, 

cokriging is conducted and 3-D heterogeneous fields of the sand%, silt%, clay% and 

bulk density are generated, respectively. As discussed in 3-2-3, values of mZ and mY in 

equation (14) are assigned as the mean values of the pedotransfer variables listed in 

Table 2, assuming that they are unbiased. And the mean initial moisture content is 0.168 

for all θi measurements. Because the cokriging is conducted for each of the pedotransfer 

variables independently, the resultant sum of soil texture percentages would not be 

exact 100 percent. In my results, actually, the minimum and maximum error of the 

calculated sum is within just 2%± , indicating that the cokriging results are quite 
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reasonable. To ensure a sum of 100%, I normalized the cokriged percentages of soil 

texture by the equation 

                                     (19) 

 

where pi and pi’ refer to the ith soil texture percent before and after normalization, 

respectively. The generated normalized 3-D fields are shown in Figure 11 (the left 

column give a top view, with front quarter cut to illustrate insides; the right column is 

viewed from the bottom up, with center quarter cut; followed by same setting). An 

additional note is due to there is only one measurement of bulk density below 9 m, the 

program cannot generate a valid bulk density domain under 10.5 m in depth, hence I set 

a uniform value of 1.3937, which is the lab-measured value, to the domain between 

10.5~13m. The effect of stratified layering structure is clearly noticeable: the lower 

zone under 10 m has very high component of sand against almost less than 5% percent 

of silt and clay, though the sand% seems to slightly decrease with the increase of depth 

till reaches the bottom boundary. The top zone from 0 to 2 m is finer with lower 

percentage of sand and higher percentage of clay. Within the middle domain under 2 m 

and deep to 10 m there are two higher sand% and lower silt% layers inserting into a 

relative homogeneous zone of mild component of sand% and silt% at about 4 m and 6 

m, causing the structure of the whole zone strongly layered. Similar phenomenon is 

found in that of θi. This layering phenomenon is consistent with the finding by Wang 

(2002), see Figure 6. Figure 13 compares the vertical variability of measured PTF input 

variables at borehole 6 and 7, from which we can also see the high ingredient of sand at 

depth around 4 m, 6 m and base zone, compared to very lower silt content. Note that the 

vertical scales of the cokriging values are also different from those of measurements so 

the almost overlapped trends between cokriged and measured values suggest high 

reliability of the cokriging results performance. Though there is evident from Figure 13 
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that some of the extreme values are not captured well by cokriging, it is because 

cokriging has smoothing effect. It is also possible that some thin lenses of fine 

sediments and other small scale heterogeneities are not adequately represented by 

cokriging (Ye at el, 2007). Nonetheless, the bulk of the measurements are reproduced 

well, indicating that cokriging is a credible approach to represent the heterogeneous 

structure of the site.  

Compare to Wang’s work, we made a significant improvement by the new 

application of cokriging to illustrate the 3-D distribution of soil texture and bulk 

density, and the good agreements between cokriging results and actual measurements 

indicate this cokriging method is fairly satisfactory. 
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Figure 12. 3-D cokriged fields of pedotransfer variables: (a) sand%, (b) silt%, (c) clay% 
and (d) bulk density, (e) initial water content θi; (f) – (j) are the corresponding fields 

from an inverse perspective and with a sight of inside 
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Figure 13. Comparison between cokriged (solid line) and measured (diamond) 
pedotransfer variables at borehole 6 (a) – (d) and borehole 7 (e) – (h) 
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4-3 Estimate 3-D Fields of Hydraulic Parameters by Rosetta 

In this research, I select Model H3m (I also tried Model H3, which gave very 

close results) (since I have all the required data for these two models) to estimate soil 

and hydraulic parameters, using the 3-D heterogeneous fields of percent sand, silt, clay 

and bulk density generated by cokriging (as described in chapter 4-2) as input data into 

Rosetta, 3-D heterogeneous fields of soil hydraulic parameters are generated as output 

data, including saturated hydraulic conductivity and van Genuchten water retention 

parameters (residual water content θr, saturated water content θs, α and n). Figure 14 

illustrates the 3-D parameter fields for the soil hydraulic parameters, exhibiting again 

the stratified layering structure present at MAC site. Clearly there are larger θs, n and 

Ks at the lower zone against smaller values of these 3 parameters at the upper zone, 

with 1~2 thin layers of rather small values of θs, θr, and n but larger α, suggesting high 

correlations between PTF input variables and hydraulic parameters. Similar to Figure 

13, Figure 15 compares vertical variability of the measured and PTF-generated soil 

hydraulic parameters at borehole 6 and 7. Figure 14 illustrates the same layering feature 

as Figure 11 and 13. Note that although mean values of the PTF estimates agree well 

with those of measurements, the figure shows that spatial variability of PTF-generated 

parameters is smaller and some extreme values of measurements are not captured. The 

limited output ranges suggests that using only percent sand, silt, clay and bulk density 

as PTF input variables seems not yet enough to satisfy the need of input data into 

Rosetta to estimate the soil hydraulic parameters. Bias of mean θr and α is also found, 

which may result from lack of measurements or limitation of Rosetta to better estimate 

such parameters. Thus additional information, such as organic carbon content and water 

content at controlled condition, or more datasets of the PTF input variables, is still 

necessary to improve the estimation performance. On the other hand, limited amounts 



50 

 

of measured data of retention parameters hamper the expression of the comparison to 

the PTF-generated values. With more lab-measured retention data sets in the future, we 

can better understand what are other causes of the limited range and the deviation in θr 

and α. The numerical inversion method is another alternative to be considered to 

improve the estimations.  
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Figure 14. 3-D soil hydraulic parameters fields for (a) residual water content θi, (b) 
saturated water content θs, (c) van Genuchten α, (d) van Genuchten n and (e) saturated 

hydraulic conductivity Ks; (f) – (j) are the corresponding fields from a bottom up 
perspective and with a sight of inside 
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Figure 15. Comparisons between Rosetta estimated (solid line) and measured soil 
hydraulic parameters (a) saturated water content θs, (b) van Genuchten α, (c) van 
Genuchten n and (d) saturated hydraulic conductivity Ks at borehole 6 and (e) van 

Genuchten α, (f) van Genuchten n at borehole 7 
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CHAPTER 5 

NUMERICAL SIMULATION 

To examine the ability of PTF-generated soil hydraulic parameters to predict 

water flow in unsaturated zone, these parameters are put into a numerical simulator 

program STOMP (White and Oostrom, 2006) to simulate the large scale infiltration 

experiment 3 conducted by Yao et al. (2001) at MAC site. Supercomputer is used to 

speed up the simulation process. 

5-1 Simulation Settings and Assumptions 

5-1-1 Computational Domain and Grids 

The simulation domain is set as 40 x 44 x 13 m with the purpose of 

incorporating all the sampling area (Figure 5). This total 22880 m3 domain is discretized 

into 20723 uniform elements. Each of the element is 1 (∆x) x 1 (∆y) x 0.25 (∆z) in 

meter, which is the same as cokriging domain, to make sure the observed moisture 

content during infiltration experiments in the nine boreholes to be directly simulated. A 

ratio Kh/Kv for horizontal over vertical hydraulic conductivity is assumed as 10, to 

represent the geometric anisotropy at MAC site. 

5-1-2 Boundary and Initial Conditions 

The top boundary is soil surface to achieve a constant flux boundary condition 

equivalent to irrigation rate. The east-west side boundaries are set 5 m apart from 

irrigation boundaries to avoid horizontal flow at the boundaries and 5 m apart from the 

boreholes to eliminate well effects on the boundaries, and with the same purpose 

south-north side boundaries are set 3 m from irrigation boundaries and 2 m from 
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boreholes, then the side boundaries conditions can be safely treated as no flow 

boundaries (Figure 5). The bottom boundary is set at a depth of -13 m underground, 

where is a perched water table (Wang et al., 2002), guaranteeing a constant head 

boundary condition of zero pressure head. Though neutron probe data indicates that the 

water table at the eastern and northern boundaries is approximate 0.2 m higher than at 

the western and southern boundaries, such a length of 40 m in x direction and 44 m in y 

direction can effectively eliminate this slight deviation in water table elevation.  The 

initial condition is the initial water content, measured before the infiltration experiment 

on April 24, and kriged to the entire simulation domain. 

5-2 Simulation Results 

Figure 16 shows observed and simulated water content on April 25 (the first 

observation day), May 8 (the fourteenth observation day) and May 20 (the 26th 

observation day), respectively. The Figure 16a and 17 show the initial 3-D water flow 

regime which suggests a relative higher water content at top layers and at 6 ~ 8 meter in 

depth, while a relative lower water content at 4 ~ 5 meter below soil surface, and the 

base zone is almost dry. Such phenomenon confirms to our conclusion in cokriging part 

that there are high sand percentage at base zone and around 4 m while low sand percent 

and high silt and clay component at upper zone and 6 ~ 8 meter underground, with the 

truth that finer soil texture has better ability to hold water under relative dry condition. 

Figure 16c and 19 show the terminal condition of this infiltration experiment when the 

wetting front had reached the bottom boundary, which clearly illustrate that the 6 ~ 8 

meter layers possess the highest water content. This phenomenon strongly agrees with 

the finding in Chapter 4.3 that such layers have larger θs values and smaller Ks values. 

The downwards infiltration is characterized by such procedure that water flowed 
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relatively slow at the top 4 meter layers and then speeded up at the 4 ~ 5 m layer where 

possessed high sand percent, however when the wetting front reached the 6 ~ 8 m layers 

the flow was resisted by the silt and clay dominant zone, and when the wetting front 

past 10 m in depth it began to possess the highest rate till reached the bottom boundary 

because of the almost beyond 90% sand percentage soil texture. With the infiltration 

experiment went on the soil became more and more saturated, so the hydraulic 

conductivity increased, causing the water flowed faster and faster than ever before. 

From Figure 16abc we can find there is some horizontal variation of moisture content, 

indicating that there existing horizontal flow inside the domain especially the central 

area far from the side boundaries (contrast to the side boundaries where no horizontal 

flow). This fact indicates 3-D simulation model is superior to 1-D and 2-D models 

because the 3-D model considers not only vertical flow but also horizontal flow 

variations. In Wang’s research he also claimed that 2-D simulation model generated 

better simulation results than 1-D model. Figure 16def are the corresponding simulation 

results, which suggests the overall shape and local variation of moisture plume of the 

simulation do not agree very well with the observation, especially the latter two. Unlike 

the observed moisture content distribution in figure 16abc, the horizontal variations of 

moisture content are not captured well in figure 16def, either. Note that the reason of 

why the base zone illustrates better agreements is the front of infiltrated water did not 

reach that depth. Figure17, 18, 19 show the comparisons between observed and 

simulated moisture content on the same observation dates in all the 9 boreholes where 

the observations were directly measured. The plots indicate strongly disagreement with 

the infiltration process was continuing. At the end of irrigation the simulated curve 

deviates from the observation a lot.  In Figure 18 and 19 we notice that in the upper 

zone above the wetting front the simulated water contents are much larger than those 
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observed, suggesting the estimated values of van Genuchten n and saturated hydraulic 

conductivity Ks are much smaller than the reality, such small pore size and hydraulic 

conductivity help resist water to flow downwards, causing the simulated water contents 

at this zone larger than observations. This fact of underestimated n and Ks conforms to 

the findings in Chapter 4 (see comparisons of estimated and measured n and Ks in 

Figure 15). We also find that below the wetting front there are too much drainage, the 

reason of which is, we set the initial condition as the initial moisture content, however, 

with the estimated hydraulic parameters from Rosetta, the correspondent initial pressure 

heads calculated via equation (1) across the whole simulation domain are not close to a 

constant value of zero, but there exist relatively large negative values at the lower zone 

below 8 meters, such a huge differences in pressure heads between upper and lower 

zone cause the significant drainage happened in the lower zone. Pearson’s linear 

correlation coefficients are calculated for all the 9 boreholes on the three selected 

observation dates, too, listed in Table 5. The very close to 1 value of each borehole on 

first observation day and very low value on the 26th day illustrate the gradually 

increasing disagreement between simulation and observation. 

Resultant disagreements between simulated and observed water content 

distributions suggest that the simulation model does not reproduce this actual large scale 

long-term infiltration experiment well, which conforms to Wang’s 1-D and 2-D 

simulation results that the estimates of Rosetta may fail to reflect the real soil hydraulic 

properties at the soil sample points and there is an obvious need to calibrate the models 

against observation data. The possible reasons of these disagreements include lack of 

measurement points, biased ANN prediction of soil hydraulic parameters (Rosetta may 

not good enough for the Maricopa site), and uncertainty of estimations. The results are 

relatively poor compared to the research of Ye et al., 2007 who have a lot more 
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measured data of moisture content and site-specific PTF calibrated for the Hanford site, 

indicating the lack of measurements and no applied site-specific PTF maybe main 

reasons to cause such disagreements between simulation results and observations in our 

case. Also note that there is a possibility that the laboratory data do not represent reality 

because the sampling procedure may have caused quite some changes in the samples. 

We also notice that, compared to Wang’s simulation results, the 3-D models in my 

research show no superior to Wang’s 1-D and 2-D models, partially because Wang had 

Bayesian updating to the estimated parameters, but may also result from the lack of 

accuracy of horizontal spatial correlation due to only 9 boreholes. Another cause is that 

there exists horizontal flow within the 3-D model with the witness of different pressure 

heads at the same depth in the resultant data. Potential solutions such as collecting more 

available information, Bayesian update to the estimated parameters and inverse 

calibration of the 3-D simulation model will be conducted and tested in the future.  

Due to the limitation of long computational time to run the simulation, there are 

only simulations for the irrigation stage has been provided, following dates’ 

(redistribution process after stopping the irrigation) comparisons between observation 

and simulation are still needed to strengthen the conclusion. 

Table 5. Pearson’s linear correlation coefficients statistics for nine boreholes after 1, 14, 
and 26 days’ infiltration, respectively 

Borehole r1 r14 r26 

1 0.9849 0.799879 0.471644 

2 0.987289 0.679205 0.318775 

3 0.978523 0.780552 0.345549 

4 0.987719 0.672428 0.518388 

5 0.9689 0.458337 0.186111 

6 0.987906 0.885188 0.769251 

7 0.954029 0.470957 0.210966 

8 0.993372 0.831566 0.711488 

9 0.980495 0.826406 0.453118 
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Figure 16. Comparison between observed (a-c) and simulated (d-f) 3-D fields of water 
content after 1, 14, and 26 days’ infiltration, respectively 
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Figure 17. Comparison of observed (diamond) and simulated (solid line) moisture 
content on April 25 in the 9 boreholes from (a) to (i) 
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Figure 18. Comparison of observed (diamond) and simulated (solid line) moisture 
content on May 8 in the 9 boreholes from (a) to (i) 
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Figure 19. Comparison of observed (diamond) and simulated (solid line) moisture 
content on May 20 in the 9 boreholes from (a) to (i) 
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CHAPTER 6 

CONCLUSIONS 

According to the discussions above, the following conclusions can be proposed:  

1. Geostatistical analysis shows that the horizontal and vertical variograms of soil 

texture yield 16~21 m horizontal integral scales and approximate 2.25 m vertical 

integral scale, the high ratio between horizontal and vertical integral scale 

suggests a strong stratified vertical layered structure of soils at the site, which 

conforms to Wang’s work.  

2. Negative cross variogram between sand% and θi indicates that sand% is 

negatively correlated with θi that while the percent of sand increases the initial 

water content decreases. This conclusion is also supported by the evident from 

initial water content θi measurement that larger moisture content in upper zone 

are corresponding to fine-textured media (lower content of sand), and smaller θi 

values in base zone are corresponding to coarse-textured media (higher content 

of sand). 

3. Though the horizontal sample variograms are calculated from only 9 values in 

each depth, the cross validation results show the fitting models and parameters 

are reliable with relatively not large ME and MSE. 

4. 3-D heterogeneous fields of soil texture and bulk density suggest a strong 

vertical layering structure that the lower zone under 10 m is mainly sand and 

there are 2 thin layers with high content of sand and low content of silt inserting 

into the upper zone where silt and clay are relatively dominant, such 

phenomenon is consistent with the witness of lower moisture content in these 

layers, indicating strong correlation between soil texture and water content. 
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5. The vertical variability of measured soil texture and bulk density in borehole 6 

and 7 is well reproduced by cokriged values, suggesting cokriging gives 

satisfactory performance to represent the actual 3-D distributions of soil texture 

and bulk density, which provides supplemental supports to Wang’s results. 

6. Using the cokriged heterogeneous fields of pedotransfer variables as input into 

ANN-based program Rosetta to generated 3-D heterogeneous fields of the soil 

hydraulic parameters. The stratified layering structure is present again in the 

ANN-generated fields. While the mean estimates for the soil hydraulic 

parameters are close to those for measured parameters, ranges of the 

ANN-generated values are smaller mainly due to smoothed cokriging results, 

noisy data, and limitations of the ANN models in predicting the soil hydraulic 

parameters. Some bias in predicted θr and α is also notice so that a Bayesian 

method is needed to update the estimations before simulations as Wang did in 

his research. 

7. Using ANN-generated soil hydraulic parameters into numerical simulator 

STOMP, the simulated variability and continuity of 3-D water content field 

show poor agreement with the field-observed ones, indicating the forward 

method combined of geostatistics and artificial neural network is still not 

reliable and efficient enough to reproduce the actual water flow procedure in 

large scale infiltration experiments.  

8. With the newer obtained measurements and updated database, as well as 

application of cokriging, we improved our estimations of soil texture and bulk 

density by generating 3-D distribution fields, and thus obtained somewhat better 

estimations of soil hydraulic properties. Newer version of Rosetta program and 

better simulation program STOMP are other factors of such improvements. 
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However, due to the situation that Bayesian updated has not be applied yet, and 

the laboratory measurements are still not in enough amount and there is no 

site-specific PTF for Maricopa site, these estimations are still not satisfactory to 

give reliable predictions of actual infiltration experiments, further work such as 

uncertainty analysis and/or inverse modeling are needed. 
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CHAPTER 7 

FUTURE WORK 

To answer these unsolved questions we are considering the following work to be 

complete in the future: Bayesian updating of the estimates of soil hydraulic parameters 

based on field measured values is an effective way to reduce the estimation errors, 

which was also verified by Wang’s research, will be first conducting before the 

simulations; then we will assess the uncertainty of cokriging, ANN-based PTFs 

estimations and Bayesian updating; with the improved parameters estimations we can 

conduct inverse calibration to the updated water flow simulation model against the 

available observation moisture contents. A site-specific PTF for Maricopa site will be 

then developed based on the field and laboratory measurements. And finally, after we 

achieve a reliable flow model to well reproduce long-term large scale infiltration 

experiments at MAC site, we will try to develop solute transport models relying on 

long-term large scale tracer experiment 4 at MAC site which has bromide application 

along with the water flow.
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