Abstr act

Genn A Thesing. Analysis and Local Estimation of Spatial Data Under the Intrinsic
Hypothesis of Spatial Random Fields. (Under the direction of Dr. Ceorge Christakos.)

The intrinsic hypothesis of randomfields is applied in the analysis of spatially
distributed point-value data. In particular, the intrinsic hypothesis is coupled with a
kriging point estimator to study the local behavior of non-homogeneous natural processes
over two-dinensional space and to produce maps of degree of spatial trend, spatia
correlation features, and point estimates

An automated conputer algorithmis inplemented to conduct the analysis at a
local scale. Arectangular grid is assigned throughout the data domain. Trend assessment,
covariance modeling, and estimation are conducted at each grid node using |ocal subsets
of data. The algorithmis applied to a set of soil noisture content measurements

Sensitivity analyses are conducted and indicate estimation accuracy i's dependent on the
size of the local subset and the covariance nodel used.
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Section 1.0
I nt roducti on

In the sciences which study environmental, hydrologic, atnospheric and other
phenonena, an investigator may often collect a set of data consisting of the measured
val ues of some parameter (e.g., atmospheric deposition of sulfate) at various discrete
locations in space. If the process is transient in time such as phreatic ground water
el evations, the paraneter values may be assumed to have been measured sinultaneously,
and if the process may be considered invariant in time such as bedrock surface el evations
the measurements need not be sinmultaneous. The problem which this work addresses is to
estimate the paraneter at a location for which there is no measurenent by using the data
provided. The problemis referred to as point estimtion and my be approached with a
nunber of different nethodol ogies (see Chpt. 11, Isaaks, 1989). This work inplenents an
unbi ased Iinear estimation method which may be grouped within the category of kriging
met hods. The method used here is referred to as intrinsic kriging.

Since the given data set provides information about the phenomenon only at the
locations of the data points, it is necessary to introduce a model to estimate the
phenonenon at unmeasured locations. Gven that the phenonena usually studied are the
result of conplex interactions of many processes, it is unlikely that useful determnistic
model s whi ch preserve the conplexity of the process have been devel oped, or if they have
they may require the estimation of an inpractically large nunber of parameters. The
scientific understanding of process interactions may be too sinplistic to permt such an
approach without introducing assumptions which oversinplify the nodel, resulting in an
analytically tractable but potentially inaccurate representation. A probabilistic nodel may
be nore appropriate in such cases. Wthin the framework of a probabilistic model, the
sanpl e data are viewed as the result of a physical process which, due to the conplexity of

its interacting conponents and the |ack of understanding of those conponents, appears to
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contain an el ement of statistical randomess. In this work, a probabilistic model is chosen
with the following considerations and requirements
+ the phenonenon under study is nodeled as a statistically correlated spatial random

field (SRF);

the set of sanple data are assumed to represent one realization froman infinite set of

possibl e realizations of the randomfield

the model ed randomfield is permtted to exhibit non-homogeneity in its statistica

mean and/or covariance

the characteristics of non-honogeneity are anal yzed using the tools provided by the
intrinsic hypothesis (see Christakos and Thesing, 1993);

+ characterization of the non-honogeneous process, point estimation, and cal cul ation of
estimation error variance are all conducted at a local scale using a local subset of the
conplete data set.

As nentioned previously, this work inplenments a formof the point estimation

met hod known as kriging. Odinary kriging ~ the conventional formof the kriging

methods —is an unbiased estimation method which defines a point estimtor as a |inear

conbi nation of weighted values of the known data points. The derivation of the method
and its application are readily found in the literature (e.g., Chpt. 12, Isaaks, 1989). At the
core of the kriging process is the fitting of a covariance or senvariogramnodel to the
data. The principle weakness of ordinary kriging is that it assumes the randomfield
represented by the data to be homogeneous in space. However, rarely are spatial data of
natural processes homogeneous, and a non-constant mean is generally the source of non-
honogenei ty (Cressie, 1986). As nentioned previously, the ability to accept and
characterize non-honogeneous data i s one of the primary considerations in the

devel opment of this work. Thus, a more general approach is required.

Matheron's (1973) theory of the intrinsic spatial randomfield (ISRF) offers a

framework in which to build nodel s capabl e of accepting non-hompgeneous processes
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The theory is derived fromthe basic principle that a non-homogeneous spatial random
field can be mathematically transformed into an anal og which is homgeneous. The

mat hematical analog is conprised of spatial increments where each increment is a |inear
conbination of values fromthe original SRF. In constructing these increments, the spatia
trend, which renders the original SRF non-honogeneous, is renoved by way of

mat hematical cancellation or filtering. The resulting SRF of increments is , thus
honogeneous.

Non- honogeneous data may be accepted under the intrinsic hypothesis without
making the assunption that the data are I ocally or quasi-homogenous. The assunptions
that are made apply to the nature of the intrinsic mdel, not the data. This characteristic is
an inportant motivation for this work because it removes the often-unreahstic restriction
of data homogeneity. However, the generality of the intrinsic hypothesis makes it equally
applicabl e to homogeneous processes.

ne of the integral conponents of ISRF theory is the order ofintrinsity, v.
Qualitatively, v represents the conplexity of trend in the mean of a non-homogeneous
SRF. The higher the value of v, the more conplex is the trend. Another inportant aspect
is that the ordinary covariance for a non-homogeneous SRF may be deconposed into a
homogeneous conponent ~ the generalized spatial covariance ~ and a non-homogeneous
component usual |y represented by a polynomal of degree v. It turns out that under the
intrinsic hypothesis, the order ofintrinsity v and the generalized covariance function for a
non- honogeneous (or homogeneous) SRF provide a conplete stochastic characterization
of the SRF's spatial correlation structure. In addition to the data themselves, these
paraneters are necessary and sufficient inputs to the spatial estimation procedure
devel oped for use under the intrinsic hypothesis.

The objective of this work has been to devel op an automated conputer programto
conduct the analysis of degree of trend and covariance modeling on a |ocal scale using

proximal subsets of the conplete data set. This analysis is followed by estimation of the
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phenonenon via kriging at unmeasured |ocations. By considering local subsets of the data
instead of the entire set, we allow the model to depict spatial variability of trend and
correlation characteristics which my be present in the actual phenomenon. Conducting
the procedure at numerous points within some domain of interest results in graphica
depictions of the spatial variability of v, covariance parameters, point estimtes, and
estimation error variances. These depictions then provide insight into the behavior of the

phenomenon across the al gebraic structure of space
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Motivation

Enpirical analysis of data fi"omspatially distributed natural phenomena ~ such as
atmospheric deposition of sulfate, or hydraulic conductivity in an aquifer system~ often
indicates that the spatial variablility of these processes has two inmportant descriptive
features, each of which is associated with a pariticular scale of observation. On a regiona
or macroscopic level, there my be a well-defined spatial structure resulting fi-omtrend or
as in time series analysis, cyclic changes. On a local or mcroscopic scale, the process may
exhibit irregular, erratic fluctuations characteristic of unstructured random behavior. The
coexi stence of hoth these macroscopic and microscopic properties is termed the macro-
mcro duality and is essential to the core of spatial randomfield theory.

In constructing a model to study these phenonena, both features should be
addressed. Classical theory of probability could be inplemented by considering each data
observation to he the outcome of a randomvariable. However, this platformalone fails to
account for the spatial structure and correlation anong the collective of randomvariables
An inprovement upon this concept is the spatial randomfield (SRF) in which the behavior
of the phenomenon is conceptual Iy (and eventual |y mathematically) disassociated into a
determnistic trend conponent describing the macroscopic structural features and a
random resi dual accounting for erratic fluctuations on the mcro-scale. The fol | ow ng
di scussion will expand sone fundamental concepts underlying SRF theory. Throughout
the discussion, |ower case letters x, y, etc. will denote randomvariables; upper case letters
X, Y, etc. will denote randomfields; and | ower case Greek letters % \|/, etc. will denote the

val ues of the randomvariables and spatial randomfields
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Characteristics and Definitions

In the nost basic sense, a SRF may be conceptualized as a collection of random
variables x.{") in an "-dimensional domain where each x, (") is associated wth a

location's, in R s, =(*,,...,5),, and "is an elenentary event fromthe sample space Q
Associated wth each x, (") s a probability density f* (z) which ascribes a probability

lawto the randomvariable. Figure 1illustrates this concept in R\ Such a collection of
randomvariables in R is referred to as a spatial randomfield (SRF) X{(", s). Wen this

construction is restricted to one spatial dinension, it is referred to as a random process.
The configuration of the probability distributions —their relative arrangement ~ for the
col l ective of randomvariables is what inparts a spatial structure the phenonenon on a
macr 0-scale. The outcone of the SRF at any location i's a random outcone subject to the
constraints of the governing probability lawat that location. Thus, random behavior is

possible at any location in the SRF.

Real i zation of X(s)

Trend of X(s)

Sj s,

Figure 1. A one-dinensional SRF.

Spatial randomfields exhibit variability wth the spatial coordinates s and the state
variable M If s is fixed, then X{" &) becomes a randomvariable specific to location &,
[f Ais fixed then X(",,s) becomes a realization of X across the ensenble of random

Page 6


NEATPAGEINFO:id=5104E672-A91C-4618-916E-A371C5E8CB3B


Section 2.0
Introductory SRF Concepts and Theory

variables (Figure 1). For notational convenience, ™ is generally omtted fi-omthis
representation: X", s) = X{(%.

C assifications
A SRF can be qualitatively described by the follow ng classifications:
+ discrete or continuous in s;

« discrete or continuous in X,

vector or scalar s and X(s);

« (Gaussian or non-Gaussian probability densities;

* hormogeneous or non- honbgenous;

* isotropic/anisotropic;

* degree of menory of X(s);

* spatial/spatio-tenporal.

Wthin the context of this investigation, only classifications based on discrete/continuous,
vector/scal ar, and honogeneous/ non-homogenous paraneters are relevant. The SRFs

considered here will be continuous in both s and », 2-dimensionally vector in spatial

location s; and scalar in the SRF value X{i). Regarding homogeneity, the SRFs
consi dered here may be honmogeneous or non-honogeneous. Consider the fol | owi ng
exanple of a waste disposal site with chemcally inpacted soils. The spatial Iocation

vector s is continuously defined over the site and is conprised of the conponents s* and 52
in R, while the values of chemcal concentrations represented by the SRF A(s) are scalar

magni t udes over sone range [0,;i:," ]. The SRF of concentrations may be homogeneous

or non-honogeneous; the intrinsic method enployed here will accept either.

Homogeneity of a Spatial Random Field
Homogeneity is an integral consideration in the modeling of SRFs. \hether or not

a physical process can be appropriately nodel ed as a honogeneous SRF is one of the key
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questions an analyst must answer before constructing a model to represent the process.
Wthin the context of geostatistical and stochastic nodeling of spatial phenonena, there
are two classes of homogeneity. The first class is strong honogeneity and refers to the
condition in which the individual probability densities in the ensenble of randomvariables
that conprise X(s) do not vary with translation across s. The second class is weak
honogenei ty, al so known as second-order honogeneity, and refers to the condition in
which only the first two noments of the probability densities—the mean and the

covariance-are invariant with translation across the ensenble of randomvariables in s
That is, the mean value is given by
E[ X{i)\ = m [ 1]

where mis constant across all s. The covariance is a neasure of the correlation between

two randomvariables at different points in space and is defined as
c(s,8 + 1) = E{[x(s)-IMs)}[x(s +1)-Tu(s +1)]} [2]
where r is the spatial vector, or lag, separating the locations of the two random variables
under consideration.  For a honogeneous process /m(s) = m{$ -\-r) =m and thus the
covariance between any two locations s and S +r is given by
c(s,s +r) = c(r). [3]
Note that for the honogeneous case, the covariance is a fianction only of the lag r
separating the two points, not of the actual locations of those points. Furthermore, a SRF
may be non-homogeneous in its mean or covariance or hoth. Strong homogeneity
necessarily includes weak homogeneity, although a weakly homogeneous SRF is not
necessarily strongly honogeneous. In the geostatistical literature, the term"honogeneity"
IS general Iy used to indicate weak honogeneity; this paper will follow that convention
In practice, data sets fromphysical processes, especially natural processes, rarely
exhibit homogeneity. There is usual |y sone trend which precludes a constant mean

Thus, in analyses of real data, the assumption of a honogeneous SRF is often unrealistic

Pages
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A significant amount of research in geostatistical and stochastic methods has focused on
the anal ysis of homogeneity/non-homogeneity and the devel opment and i nplementation of
met hods that can effectively nodel non-honogeneous phenonena (e.g., Bilonick, 1985;
Christensen, 1990; Cressie, 1986; Venkatram 1988).

Statistical inference of a covariance or semivariogramfunctionis critical to the
success of kriging estimation and other geostatistical methods. The SRF approach hol ds
that spatial phenomena are described by the underlying macroscopic trend and by Iocally-
based random fluctuations around the base trend. For honmobgeneous data, the data
themsel ves may be used to cal culate an estimte of the constant mean. Thus, the
di sassociation of the realization (as represented by the data) into a determnistic trend
conponent and a random conponent i s straightforward. However, the mean for non-
honogeneous data changes with location. The disassociation is no |onger clear-cut, since
the mean is not well defined. This uncertainty leads to difficulty in statistical inference of
an appropriate covariance flinction. Furthernore, a non-constant trend may lead to

serious hias in the experimental semvariogram(Cressie, 1991)

rAr) = \var[x{str)-Xs)] [4]

leading to errors in parameter estimation for a semvariance model, which can ultimately
lead to msinterpretations regarding the underlying structure of the phenonenon.

These diflSculties raise the question of howto address the estimation of non-
homogeneous data. Wen the estimation approach is kriging, several nethods are used
frequently. One approach is to conduct variogramor covariance inference and estimation
with conventional, homogeneous methods but on a local scale using proximal subsets of
data. The rationale is that a non-honogeneous process defined over a large region will
exhibit less absolute trend and a more homogeneous correlation structure over a subregion
relative to the entire domain. This concept is termed quasi-honogeneity and is

inplemented by Haas (1990) in his study of atmospheric sulfate deposition. Another
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approach, termed universal kriging (Mtheron, 1969), is an extension of ordinary kriging
and invol ves the modeling of the trend as a polynomal of finite (and unknown) degree
Defining the trend analytically allows it to be accounted for in the analysis. Intrinsic

kriging is of course another approach and will be explored in detail inthis paper
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Section 3.0
Overview of | SRF-v Theory

This section will present the mathematical theory underlying the intrinsic spatia
randomfield of order v (I1SRF-v). The discussion will begin with definitions of two of the
integral components of |SRF-v theory: order of intrinsity v and the spatial increment of
order v. These fundanental conponents are requisite to the definition of the | SRF-v.

The generalized spatial covariance is integral to the spatial estimtion procedure
implenented in this work and will be introduced followng the ISRF-v discussion. Wthin
the context of this discussion, SRF will refer to any randomfield, and ISRF-v will refer to

any SRF which can be mathematically transformed into a homogeneous anal og

Order of Intrinsity v

The order of intrinsity v of an I SRF is analogous to the degree of a pol ynoma
which describes the spatial trend in the mean of the SRF. For exanple, an | SRF of order
v=0 refers to a SRF with constant mean; an | SRF of order v=I refers to a SRFwitha
linear trend in the mean; an I'SRF of order v=2 refers to a SRF with quadratic trend in the
mean; and so on. The higher the representative value of v, the nore complex is the trend
Figure 2 illustrates this concept. The order v provides insight into the conplex spatia
structure of the I'SRF. The non-honogeneous nean is mathematically described in terns

of a polynomal of order v.
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V=3

Figure 2. Conceptual illustration of v.

Spatial Increment of Order v

Gven the spatial randomfield X(s), the linear conbination of SRF val ues

m

[5]
is defined to be a generalized spatial increment of order v (SI-v) if and only if the

coefficients g. meet the conditions

[6]
The ™, are real -val ued weights and g"(Sf) =s"...s"" are nonomal products of the spatial

coordinates in n dinmensions. The exponents p, are non-negative integers such that
i Mv- The subscript [ctakes the values k =1,2,...,a(v) where

N2t (vrl)(v2)

A4

a(v) [7]

and assigns the number of possible pernutations of "(s,) where the exponents
pMP2,....p, are varied. If the conditions [6] are met for an order of intrinsity v, then

YA(s) is itself a zero-mean homogeneous SRF. That is, the al gebraic combinations of the
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appropriate o and the surrounding values X(s,) "filter out" the v* order trend in the
original SRF.
Consi der a two-dinensional |SRF-v: X{s) - Xis" s = X(x,y). Here, x andy

are Cartesian coordinates. Equation [6] thus yields the set of nonomials shown in Table

L

Tablet. Spatial Mononials of g'(s,)

v =0 v=I v =2
a(0) =1 al) = 3 af2) =6
n(s)-xV = | A(s) = xV =] agnN- XYM
g2(s) = X" y*x g"(s)--x"y°® =X
g,(s) = xy=y gM = "y=y
g, (s) "Xy x'
gs(s) =xy=f
g6(s) = x'/=xy

Therefore, JA(s) is a Sl-v if the followng conditions hol d:

if v=0, then™*. =o;

iV L then fg'zo, 4,0 0T 0

Fv=2,then2;9, =0, %9,%=0, Y-A.20, 2 NQ X0, =0, XA 0. [

A — A a

An example is illustrated in Figure 3. Five points are indicated in R* with point s,
centered at (x*}*,,). Assune that weights g" are associated wth each of these points so

that the spatial increment at s, is given by

yM = 4X{s,)-1 X{s,)-1X{s,)-\X{s,)-1X{s,). [9]
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The highest order of intrinsity for which the conditions of Equation [6] are met is v=l

The conditions break down for the second-order terms. Therefore, Equation [9] is a SI-1.

Figure 3. Spatial increment of order 1.

Intrinsic Spatial RandomField of Order v

Having defined the generalized spatial increments of X(s), we may now state the

following definition: Anintrinsic spatial randomfield of order v is a randomfield for

which the SI-v are weakly homogeneous. The followi ng definitions supplenent the
above.

+ By convention, a honogeneous SRF is an | SRF-(-1).

+ The spatial increments of any SRF which is already honogeneous are al so
homogeneous. A honogeneous SRF is also an ISRF-v for all values of v
Additionally, any ISRF-r| is also an | SRF-*" where *> rj, although the reverse is not
general |y true. For exanple, if an |ISRF has honogeneous increments of order 2, it

wi Il also have honogeneous increnents of orders 3, 4, et cetera

Ceneral i zed Spatial Covariance of Order v

The spatial correlations of natural processes which are modeled as SRFs are
quantitatively defined by the covariance Sanction. Wthin the nodeling fi-amework, the
covariance describes the correlation in SRF behavior between two points in space. One of

the integral conponents of the ISRF theory is that the ordinary covariance for an | SRF

satisfies
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cMs,s™) = kMr,Mpis,s,) [10]
where kjA[r"jj, ™ =s, -sMis the generalized spatial covariance of order v(GSGv) and
[7"(s:,9y) 15 a vt-order polynomal in s with variable coefficients. This decomposition
principle i's an inportant theoretical construct. Under the intrinsic hypothesis, the

conditions [6] placed on the spatial increment filter out the polynomal conponent of the

ordinary covariance in the spatial increment, elinmnating the need to quantify this
component. Additionally, the ordinary covariance of the homogeneous |(s) is related to
the GSC-v of the non-honogeneous Jr(s) by the expression

AL(S],) = ZZM Ay (» ] [ 1]

a=\ p=\

where the weights g" take val ues subject to constraints [6].
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As mentioned in Section 2.0, a SRFis represented by the function X(*, s), where
Ai's a random conponent accounting for fluctuations in JTat a smaller scale and s is the
spatial vector conponent accounting for the macro-evolution of the process on a |arger
scale. The problemwe will solve is to calculate estimtes of the SRF using the

information provided by the measurenments Xt of the physical process at the [ocations s,

where i=l,2,...,mand represents the local sanple set used for estimation. In creating an

optimal estimte X(s) at some location s®, we want to satisfy three conditions

 The estimte should be a weighted Iinear conbination of the available data. Thus, the
point estimate is given by
x{s,)=Y. "M*) [12]

where the A are real-valued kriging weights determned during the estimtion process

* The estimtor X(s,) should possess the property of unbiasedness such that the
expected value of the estination error £= X{s")-X{si*) is zero:

e[x{s,)-X{s,)] = 0. [13]

o Finally, the variance of the estination error <t”(s" ) should be mnimzed with respect

to the kriging weights {A, i =1,2,...,n to provide an optimal estimite

These conditions are used to devel op the systemof kriging equations. V& begin
by linking the kriging estimtor to the ISRF-v theory. This Iinkage i s acconplished
through the kriging weights. To derive a solution to the unknown weights 1,., we

mninze the estimtion error variance under the same constraints used to define the Sl -v,
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nanely those given by [6]. In other words, e vant to defing a SI-v, }A(s].), where the

kriging weights X are valid coefficients g. such that the constraints

Zr, N (s,) = 0 [14]
are met with /1" =-1 Inthis case the constraints may also be witten as

Zr N (s,) = Usd. [15]
Wen the X are valid SI-v coefficients, Equation [5] may be rewitten as

i (sj = 22, x(sj, [16]
and recalling /1" = -1 and the formof the |inear estimator given by [12] we can write

7,(sd = 2,AJr(s,)-4s] = I (sd-X(sd. [17]

Note that the latter is the expression for estimation error £(S).) so that under these

conditions the estimation error is a valid Sl-v.

Now we nust devel op an expression for the estimtion error variance

al{s,) = E[{e-ny] [18]
where m' is the mean value of the estination errors. Applying the condition of

unbi asedness (nf = 0), we get

al{.,) = EMUE\[xM X[ sM [ 19]

Substituting the linear estimator fromthe first condition above, this equation becomes

al I\/f\Evz:ia, 4s,)-x(sJ

7/ Nt == L

[20]

a a ; — 1A A=21 -
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where /1j. =-L1 It s inportant to note that, since fs [A(sj.), this expression for

estimation error variance given by [20] is equivalent to the variance for the Sl-v, whichis

by definition a zero-nean honogeneous SRF. The |ink between | SRF-v theory and the
kriging estimator [ies inthis equivalence. The terms B X(s,)x(sj) and £'[x(s,)x(5].)]
in [20] are covariance expressions for a homogeneous zero-mean process. Under the

intrinsic hypothesis these expressions are represented by the hombgeneous conponent, the

GSC-v, of the ordinary covariance for a non-homogeneous SRF. Simlarly, the term

{X{S,)f i's a variance expression for a honpgeneous zero-nean process and i s also

represented by the GSC-v at lag zero. Wth these observations we can rewite [20] as

1=1 y=i <=i
Now we have an expression for error variance in terms of kriging weights and the
gener”zed covariance. The object is to mnimze this expression with respect to the

wei ghts by taking the partial derivatives and setting themto zero

0, V. [22]
AA,

Doing this under the constraints of [15] yields the kriging equations:

Kw=k [23]

wher e
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kxi MiJ gi(s,) 92(s,) sAh)’ ’A'l AN(|v]
x("'2m gl (S) *2(82) 8a(S2) 2 (- 2)
‘ - ('Y &(S,) g2(sn) e k-
() &) A>(sd 00 0 Mo
g2(sj O O 0 M r2(S¥)
sa(Sm) O 0 0 Ma. ()

Inthis system kMr** is the GSC-v, and the argument r™ is the isotropic |ag

[, -\A -MAN - My, -y fL [ 24]
Note that r"j - r." so that the matrix Kis symetric; additionally, r.* =0, The g'(s,) are
monomi al s of the spatial coordinates s, and are equivalent to the monomals which define
the SI-v of X{%. Here k takes the values K=\, 2,..., awthas=(vtl)(v+ 2)/2. For
exanpl e, the case of v=l would yield g* (s,) =x" =1, gjis") =x]y* =x,., and

0 () =x%] =y.. The /I, are the kriging weights, and the ju* ([c=12..., a) are

Lagrange multipliers which arise fromthe minimzation of the error variance under the
constraints of [15]

The solution to the optinal kriging weights is given by w=K~"k and provides
val ues for the weights used to determne *(s"). The weights are also used to determne

cr™(sj™), which provides an indication of the accuracy of the estimate.  Equation [21) may

be used, although a nore useful expression is provided by
<j' Ah) = kAO) -w k. [25]
Note that the kriging system[23] does not depend on the data values X(s,) but only their

spatial locations. This property is termed data independence and is one of the advantages

of kriging estimtors
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Now that the details of the mathematical theory have been addressed in previous
sections, we will nove on to a description of the algorithmused to inplenent kriging
under the intrinsic hypothesis. The intrinsic kriging al gorithmdescribed here is also
introduced in Delfiner (1976). However, a nunber of modifications have been nmade fi"om

the Delfiner algorithm and these will be included in the followi ng discussion

Data Preparation

The first step in the process i s data preparation. The point estimation nethod uses
spatial data located in R, so a data file should consist of sone number of measured val ues
each consisting of an X-coordinate, a Y-coordinate, and a parameter measurenent. The
set of measurements should be checked, and duplicate or near-duplicate points should he

declustered to prevent possible numerical problems with closely spaced points

Kriging Gid

In short, the method of kriging takes a set of spatial measurements and cal cul ates
an estimte of the measured parameter at a location s* = (“tjJt) where no measurenment
was taken. Ina typical analysis, this estimtion is conducted over a large number of
spatial points to provide a discretized representation of the estinates. If a graphica
portrait of the estimated process is desired, then the usual approach is to define a
rectangular grid of nodes~the kriging grid~and conduct the estimation calculations at
each node. The results can then be used in a graphics routine to visualize the surface of
the estimtes and the estimation error variances.

In defining the grid system it is inportant to remenber that kriging methods are

linear interpolators. Therefore, an attenpt should be made to define the grid systemsuch
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that the boundaries do not lie too far outside the group of data, and it is preferable to keep

the grid systemconpletely within the range of the data

Nei ghbor hood Sel ection
In this work the analysis of spatial trend, the determnation of a covariance nodel
and the calculations of the kriging estimate and error variance are all conducted on a loca

scale. These tasks are carried out using |ocalized subsets of the conplete data set (Figure

4). The subsets are referred to as neighborhoods, and X{s") and cr”is) are based on the

SRF properties exhibited by the local neighborhoods surrounding each grid node.

i=J i =2

Figure 4. Local subset of five data

Vhen defining a nei ghborhood, one of several criteria may be fol | owed. In one
case, the neighborhood could be defined by all the data points that lie within a given fixed
radius, r. Since the generalized covariances considered in this work are isotropic, the
vector direction of the points chosenis irrelevant; thus, all points within the scalar radius r
are suitable for the neighborhood. This approach may be appropriate when the data are
spaced uniformy throughout the domain under consideration.

In a second case, the neighborhood could be defined by a fixed number m of

closest data points. Again the use of an isotropic generalized covariance allows the
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sel ection of nearest neighbors regardless of vector location. This approach may be
appropriate when the data occur more densely in some areas of the domain than in others

Inthis work, we have inplenmented the criterion of a fixed number mof nearest
neighbors; thus, the mclosest points constitute the neighborhood. For the case of intrinsic
kriging, neighborhood sizes of 8-16 data points are usually adequate

The kriging estimator is an exact interpolator, meaning the estimtes are faithfiil to
the data. Thus in the event that a kriging node s* falls exactly on the location of a data
point ~a condition refered to here as "bull's-eye" —the estimte for that point wll be
equal to the data value. (This assumes there is no measurenent error.) Intuitively, there
i's no estimtion error in such a case, so the error variance is zero. These characteristics

are accounted for in the kriging algorithm For each kriging node, a check is performed to

determne if the node coincides with a data point. If it does, (s™) is given the value of
that data point, a"(sj) becones zero, and the estination procedure is bypassed.

However, we are still interested to see what the order of intrinsity and covariance
paraneters are for this node. These portions of the analysis are still conducted, although
when defining the neighborhood, the bull's-eye data point is excluded fi”omthe

nei ghborhood. The nei ghborhood is, thus, based on the mclosest data points located a

distance r > 0 away fi'omthe node

Local Order of Intrinsity v

The next step in the algorithmis to deternine the order of intrinsity which best fits
the trend characteristics of the [ocal neighborhood. This step is based on the accurate
estimtion of the data points themselves and, therefore, involves the assunption of a
representative covariance nodel for the neighborhood. The objective is to chose the val ue
of Vfi-omthe set {0,1,2} which best describes the trend in the data. A though v can take
on any non-negative integer value, the set {0,1,2} is usually sufficient to represent most

local trends. The procedure is described in the following steps
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(1) Each data point X(s,) in the neighborhood of /w points is "removed" one at a tine.
(2) The renoved point X(s") is estimted fromthe remaining ml points assuning in turn

that V=0, 1, and 2. Alinear covariance nodel k™r) =-r is used to construct the
kriging system[23] which is solved for the kriging weights X, which are in turn used

to calculate X{s) by [12]. The linear covariance originates fromthe polynoma
model kKNr) = atdij-) - ¢+ - MM where @t =¢, =@ =0and ¢" = L Athough
the model is not optimzed to the correlation structure of the neighborhood, it is a

valid nodel for all values of v.

(3) At each point; removed , the estimation error is determned for the three cases of v =
0, 1, and 2 by the fol | ow ng
s, MU x{sX-X{",)\. ' [26]
(4) For each /, the estimtion errors e for v =0, 1, and 2 are ranked as 1, 2, and 3 from
smallest error to largest error, respectively. The rationale here is that the smallest

error corresponds to the best estimate.

(5) The error ranks p* " are then sumed for each case of v

- o E wm

—1 aA=31 i =\ [ =211
where/w is the nunber of points in the neighborhood

(6) The v-value corresponding to the smallest @, value is chosen as the order of intrinsity
for the neighborhood. In the event that two O values are equal and less than the
third, the lower v-value fromthe tied rank sums is taken as the order of intrinsity for
the neighborhood. This response reflects intrinsic randomfield theory in that an | SRF-
[ is also an | SRF-*where "> 77, ahhough the reverse is not generally true. Thus,
when the above procedure produces two equally favorable possibilities for v, the nore

conservative choice is to pick the | ower v-value
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Note that the ranks p, » of the estimtion errors e are used to determne v rather than
the £+, " themsel ves. Ranking makes the procedure resistant against the bias of outlier
estimation errors. At this stage, the order of intrinsity of the neighborhood has been

assigned. The next phase will identify the covariance nodel which best represents the

correlation structure of the neighborhood

Covariance Parameter Estimation

The fitting of a covariance nodel to the neighborhood of data constitutes the most
critical step in the estimation procedure. The GSC function mathematically defines the
correlation structure of the SRF and, as is evident frominspection of the kriging equation
[23], it is the platformupon which the kriging estimtions are built. It is also the nost
nunerical l'y intensive component of the conputer program since it requires the
optimization of a nonlinear function

Three different GSC-v nodel s have been inplemented in this work: polynon al,
pol ynom al -spline, and poly-exponential nodels. Each nodel contains unknown
coefficients whose values are deternined based on the correlation structure of the
nei ghbor hood. The val ues of these coefficients nust obey permissibility conditions which
are assigned to ensure the GSCis conditionally positive definite, a requirement for
general i zed covariance fiinctions (Christakos, 1984). In this sense, it leads to legitimte
second nonents of the generalized spatial increments. Permissibility values are obtained
through spectral analysis and are unique to a particular GSC model. The objective of the
covariance modeling portion of the algorithmis to calculate the optimal values for these
coefficients subject to the constraints of permssibility. Aleast squares method which
mnimzes ~wth respect to the coefficients —the sumof the squared differences between
the expected val ues of the estimtion errors and their actual values is applied. Although
the least squares method used here is a suitable approach, several other optinization

met hods may be enployed for the inference. These include maxi num | ikelihood
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estimation and mninumvariance unbiased quadratic estimation (Kitanidis, 1983). Since
the procedures for deternmining a suitable covariance function are different for the different

general forms, they are discussed separately

Pol ynom al Covariance Mdel

The pol ynom al generalized covariance function is perhaps the most common
GSC-v used with intrinsic kriging estimtors and is frequently indicated inthe literature
(e.g. Delfiner, 1976; Kitanidis, 1983; Christakos, 1992). The general formof this flinction

i's given by

KAr) =a,3(r) + #(-iy™cy'™ . [28]

where a* and ¢, are unknown constants, r i the lag between two points, and r) is
Kronecker's delta function: §r) =1 for r =0, and S{r) =0for r >0. Note that the

pol ynomi al degree and number of terms in the function depend on the given order of
intrinsity, v. The terma® d{r) describes the nugget effect. Additionally, [28] is linear in
its parameters a" and c,, a condition which facilitates inference. Practical experience with
the intrinsic hypothesis has shown that, in nost cases, values of v fromthe set {0, 1, 2}

wi Il suffice for characterizing non-homogeneity. The values of the unknown coefficients
are restricted to the permissibility conditions listed in Table 2. These conditions vary with
the nunber of spatial dinmensions of the data set. Note that this model is isotropic in R so
that r is scalar. Since its coefficients can take values of zero, the general equation [28]
submts 3, 7, and 15 distinct covariance functions for v-values of 0, 1, and 2, respectively,
as shown in Table 3. The form™.(a") = agS(r) represents a conpletely random process
(white noise or pure nugget effect) with no correlation in behavior between different

points in space. All other forms represent a process with significant correlation.
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Table 2. Pernissibility conditions for polynonial GSC-v coefficients

v=0: a, >0 c, >0
v=l o a, >0 Co>0 c, >0
V=2 : 2050 00>0 ¢, > -M QMM « + 3)/3(« +1) €220

Table 3. Polynonial covariance nodels.

v=0
Kir)~arb{r)-c’r
kx(r) = aA)
kx(r) = -Cor

v=l
M) = «0™(")-V + ¢l
M) = «0<5(0-V
M) = «o«b(/-) + ¢l

MO = -v+c/
A (1) = ao0<h(/-)
kx(f) = -Cor
kx(f) = cy

v=2
M') =""") - Co''+cl- cMr
M"'") = «0WV + c/
kx(r)”arS(r)-c r--c?
kx(r) =a9§r) +cr1 -c”
MO=- Co™ + ¢/ - c/
MOM oW CoA-
M\) = «OAA) + O'A'
kx(r) = a"S(r)-cy

kxir) = -Car + ¢l

kx(j') = -chr-cy

kxif) = Mir'-cy

kMr) = a, §{r)

Kir) = cy \
Kir) = -c?

The nethod for finding a suitable GSC-v begins with a known value of v. The
coefficients for each of the possible forns are determned and tested for permssibility. If
any coefficient value does not pass the permssibility test, that formis not considered any
further. Those forms which pass are tested for goodness of fit. The passing formwhich

provides the best fit is then used for the estimtion and error variance cal cul ations
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To conduct the |east squares routine which optinizes the values of the coefficients
for a given GSC-v form we must first define several fiinctions. The SI-v defined

previously as [16] is nowwitten for a data point removed froma local neighborhood

YM =1 - N, 47 ) [ 29]
where mis the nunber of points in the neighborhood, / refers to the index of the point
currently removed fromthe neighborhood, and /1,” are the kriging weights associated with
the remaining points. Note that A =-1and that }*(s,) is the estimation error of point /

Yr(s,)"X(s,)-X(s,). [30]

Next we define the expected value of the squared estimation error for point / removed
[31]

Substituting [12] for the estimate A(s,) into [30] and subsequent|y substituting this into

expression [31], we obtain

()] = ZSA M MA(SIMW [ 32]

where XM - -1, and £[X(s,)z(s"] s the covariance for a zero-mean homogeneous SRF

-- the generalized spatial covariance. The resulting equation is
ANYXNarpKVj [ 33]

where X." and 1," are kriging weights and r," is the scalar distance between data points s,
and s™. Now an objective function to be mnimzed with respect to the coefficients my be

defined:

A = ZK(s.)'-4]- [34]
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The function F applies to a given neighborhood with mdata points and is the sumof the
squared differences between the actual estimation error squared and the expected
estimation error squared.

Note that through the kyr®) termin AY, F depends on the values of the
coefficients a, c¢*, c,, and c*. The objective function is then mnimzed through taking
partial derivatives with respect to the coefficients and setting themto zero:

CF dF dF dF

O _ =55
da’ de? de? de? L 1

This operation yields the following set of equations:

fFror» — — — — — O, I S]]

*0

aot {"T- cHM A ACHMAP- cXM AT =t YMAT -2

A — A — A — A —

Lgn gn ] Lgn gn ] - - = Y Lgn gn )

a,,2 < *u.c”2 A4 A |A Af ',IT;A??:I:—\rqu;fE)'A'l)'

from---= 0,

a, 1 "MP-c, tAF AN Mo AfE- o, tAFAF = £YNS] AF

:L—:l_ :l_—:l_ :l_—:l_

from----=0,

g
C' OtA PV M- Cot A\ ScHAF AMD- ¢, + AFf=tY"{'s, YAF

As they appear in the above equations, the following are defined:
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where the parenthetical superscripts in the left-hand-side terms are indices which identify

the different fiinctions.
Gven aset of kriging weights {Ay} for a neighborhood, [36] are solved
simltaneously as a systemof |inear equations for the unknown coefficients a*, c*, c,, and

(. Because Fis non-linearly dependent on the covariance coefficients, the mininization
of Fis an iterative process. For a given value of v, the optimzation of Fis conducted for
each of the GSC-v model s shown in Table 3. The process is described in the fol | owing

steps.

(1) Since [36] require a set of weights {A" | for solution, and since a GCG-v function is

required for the solution of these weights fromthe kriging system[23], an initial guess

for the GSCv is required to start the iterative solution to {a", G ch ¢c™ " where [is

an iteration counter referring to the current iteration. In this algorithm we chose an

initial GSCv fianction of
kfews) = -r [ 37]
since it is apermssible ftoction for all values of v. Note that this formis used only to

initiate the iteration cycle. After this initial guess, one of the forms fromTable 3is

used.

(2) Gven a covariance nodel fromTable 3 (or the initial GSCif 7=0) and its nost recent

coefficient set {aQ CQc,,C2} , each point X(s,) in the neighborhood is renoved one

at atime and the kriging system[23] is constructed using the remaining points as the
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nei ghborhood and X(s,) as the point to be estimted. Equation [23] is solved for the

set [/1,% ] =\,2...,m 7"} . Vhenall the neighborhood points have been

removed and the weights calculated, they may be represented by the fol | owing matrix:

J-1 7=2 j ~nt
I=1 12 Xim
/-2 1 .
i =m M "n? -1

Note that in the above matrix, the weights X.. are assigned val ues of-1

(3) Wth \X*\  known, equations [36] are constructed and solved simuhaneously for

(a" ¢ c et

(4) The permssibility of the solution set [«0'A0'<hi"A2} A M verified with the conditions of
Table 2. If the solution is not permssible, the current GSC nodel is no |onger
considered and the cycle begins at step (1) with another covariance model from Table

3. If the solution is permissible, the cycle proceeds to the next step

(5) Coefficient solutions which pass the permssibility test are checked for convergence at

each iteration. A percent relative difference criterion is used. The val ues

2 (W_J7) sm )
Pi = av{M (M
N2 A2
M ) [38]
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are calculated, and the largest of the four is compared against a maxinumallowabl e

error criterion (e.g. p,* = 10"N).

(6) If Plainest - Pmax the solution has converged, and the iterative cycle is broken. The next

model of the GSG-v fi-omTable 3 is used, and the process restarts with step (1)

|t AaiBest > Pmax the solution has not converged and another iteration is required. The
solution set is updated so that {«o><"o> >0 A i" used for {a" Cg,c",c"} in the next

iteration beginning with step (2)

Once all the appropriate nodel s have been considered, those which provide
pernissible solutions must be conpared against one another to deternine which one best
represents the correlation structure of the neighborhood. To this end, we use a goodness-

of-fit indicator defined by

where // is an integer index identifying a particular covariance formoptimzed for the
curret neighborhood. Note that 7] represents the ratio of the actual squared Sl-v values to
the expected squared SI-v values, and the case ;/ =1 indicates an exact |east-squares fit of
the covariance to the correlation structure of the neighborhood. Thus, 77 i's cal culated for
all GSG-v*, and the covariance which produces the value closest to 1 is chosen as the
model with the best fit. This covariance is used in the subsequent estimation and error

variance cal culations. Of course, in the event only one of the possible covariance forns

results in a permssible GSGv, the goodness-of-fit test is unnecessary
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Pol ynom al - Spl i ne Mdel

The pol ynom al -spline model is another common covariance (de Marsily, 1986;
Cressie, 1987) and is simlar to the polynomal nodel but with a smoothing spline term
In general, the fiinctionis

kA(r) = arSir)-Cor + c,r+c/”l nr [40]

where a", ¢”, ¢, and c" are unknown constants. Table 4 lists the permssibility conditions
on the values of these coefficients for the case of R'. Because of the logarithmterm the
spline model possesses smoothing properties not present in the polynomal model. Like
the polynom al nodel, the unknown coefficients can take val ues of zero. Thus, there are
several covariance forms for each value of v. For the case of v=0, only the first two
terms are valid so that the polynomi al-spline model is identical to the polynonial model;
the appropriate forms are given in Table 3. For the case v> 1, all four terms are valid;

thus, there are 15 possible pernutations of the covariance form

Table 4. Pernmissibility conditions for polynomal-spline GSC-v coefficients in. R
v=0: ao>0 Co>0
K=1, 2: a0>0C>0¢c, >0c"> -l.SJc

The procedure for stochastic inference of the coefficient values is the sane as for
the polynomal nodel with several minor differences. The same objective fiinction [34]
used for the polynomal model is used for the polynomal-spline nodel; however, the c*

termis not present and is substituted by the c* term Thus, the partial derivative

dc. | @ L. =/ 1 1]

repl aces the d—termin [36] with the followi ng:
CI\
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wher e

o=| ~=1
The steps to determine the coefficient values for the polynomal nodel are also used for

the pol ynom al - spline model. The only differences are those noted above

Pol y- Exponential Covariance Mde

The pol y-exponential model was devel oped by Christakos (1992) and in genera

formis given by

(A
| nt Jbr * = 0 [43]
where b is an unknovm constant taking real values greater than zero, and r is the scalar
di stance between the two points under consideration. Unlike the previous covariances,
the poly-exponential model has one unknown coefficient and does not possess a nugget
term (although a nugget termcould be included if desired). Additionally, there is only one

possible formfor each value of v. The specific forns are shown as foll ows:
f orv=0, My = A 4+ | [44]

forv=l, ky,{r)=—=------t + -t------ 7 +— [45]
= = - —.NA e,
e N 1 R v
G ven a nei ghborhood of points, the method for optimzing the value ofb such that the
GSC best represents the local correlation structure is simlar to the method used for the

pol ynom al and pol ynomi al -spline covariance nodel s. Equation [34] is again defined as an
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obj ective function to be mnimzed with respect to h. Taking the derivative and equating

to zero yields

FooM-A A o dA
: 47
A1 TyME-A )Mo o
where / is the point removed and the subscript v indicates that A* depends on v.

Newt on- Raphson iteration is used to solve for 6 as a root to equation [47].  For

this one variable case, the nethod is devel oped as fol lows. First, define the equation

fib) = —- 0 [48]
such that
dA. ..
[(*)=zk(o"-AJ- . [49]
The Newt on-Raphson fornula is then given by
A (MAW [50]

Loy

Where the superscript [ is aniteration index and refers to the current iteration. Also

() WA

dA nM d |1 \ d A mMm j 2

The general formof the covariance first derivative is given by

dk/\ 'l v 2V+2/ | . \ f . 2v+|,-,,i.
db ('22“‘2 a 1_0[{ br) A z'é-/,\!l -h) [52]

while the specific forms of the second derivatives are given for v =10, 1, and 2 as follows:
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My = ) A
Wb 4ri42ri—|1hr AN T7hr' | - ~AN

4k, 20 8 r 20 12 ¥
¢/ pre" "t be"  bM™- b b' b* 3

My.v=2 -4 1r [ 42 30r 10" 2r" e
doh TRV be- bVt b oMb

Note that A" and its derivatives are functions of J since they contain the covariance

fiinction or one of its derivatives. For a given value of v, the optimal solution of Z» is

conducted as foll ows.

(1) Start with aninitial guess A ' arbitrarily chosen within the range of permissibility of
b.

(2) Using the appropriate covariance nodel and its nost recent coefficient J , each point

X{sj) in the neighborhood is removed one at a time and the kriging system[23] is
constructed using the remaining points as the neighborhood and X{sj) as the point to

be estimated. Equation [23] is solved for the set [Ay | =1,2,....m | Mijm

(3) Use b and [Ay] to solve the Newton-Raphson equation [50] for b™*™ A globally

convergent routine by Press et al, (1992) is inpenented in the actual computer code
In order to enforce the permssibility condition that Z> > 0, the solution ofbis

constrained to meet permssibility wth the addition of a penalty function p{b) to the

obj ective function

p{b)="-". [56]
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(4) At each iteration, check 6" for convergence by cal cul ating the relative error
b= [57)

and conparing against the maximumallowable error (e.g. p™ = 10"").

(5) If p<p™ the solution has converged, and the iterative cycle is broken. The GSC has

been determined and is ready for use in the estimation of the kriging node.

|t p> [T the solution has not converged and another iteration is required. The
solution set is updated so that 6™ ™" is used for b™' inthe next iteration beginning wth
step (2).

If the nunber of iterations has reached the maximumallowable without converging,
another initial guess may be required. However, this scenario is not likely with the

gl obal I'y convergent Newton sol ver.

At the conclusion of these steps, the GSCis ready for use in calculation of the unknown

point estimte and estimation error variance.

Point Estinate and Error Variance

At this stage in the algorithm the order of intrinsity which best characterizes the trend in
the nei ghborhood has been determned, and a GSC-v model has been optimzed for the
correlation structure of the neighborhood. W are ready to proceed with the actual
kriging estimation at the unknown point s”. The estimtion begins with the construction
of the system[23] using v and the optimzed GC and s" as the point to be estimated,
The systemis sol ved for the unknown kriging weights A. The weights are then used in

conjunction with the neighboring data to calculate the point estimte by [12].
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Section 5.0
Intrinsic Kriging Algorithm

Subsequently, [25] Is used to calculate the estimation error variance o-*ls"). Wth this

step, the algorithmis conpleted and may restart with the next point to be estinated.

Summary and Conputer |nplenentation

Figure 5 provides a flow chart which outlines the intrinsic kriging algorithmjust

di scussed.

First node Det er mi ne

I(s.) anda,'(s.)

Next node
St
Fi nd Local Sol ve for
Nei ghbor hood Kriging wei ghts
Local val ue! Local Covariance Const ruct
of V Par amet er s Kriging System

Figure 5. Intrinsic I*riging algorithm

Recal | that a principle focus of this work was to develop an automated conputer
programto conduct this algorithm The programstructure follows directly fi*omthe
algorithmdescribed in this section. Because of the differences in numerica
impl ementation of the three generalized covariances, three separate versions of the
program have been written, and each version inplenents one covariance:  polynomal,
pol ynom al -spline, or poly-exponential. The polynomal and pol ynomal-spline versions
are nearly identical, since these GSCs differ only in one term However, the pol y-
exponential versionis significantly different fromthe other two due to the uniqueness of
this GSC function. Al three programs are coded in FORTRAN 77. Conmented har d-
copies and tables of variable definitions fromthe polynomal and poly-exponential versions

are contained in Appendices A and B respectively.
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Section 5.0
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The al gorithmdescribed herein is well suited to parallel processing. The
calculations of v, covariance parameters, (s".), and c"ls") are specific to each node and
depend only on the locations and val ues of the data points in the local neighborhood
Thus, the calculations at any node are completely independent of the cal culations at every
other node. If this algorithmwas conpiled for parallel processing and executed on a

parallel machine, its processing speed could be significantly accelerated relative to the

serial execution tine.
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Application: Soil Misture Content Data Set

Ceneral Information and Data Set

The automated conputer program devel oped for the intrinsic kriging al gorithm
was applied with a set of soil moisture content data froma study area near Maricopa
Arizona. The site is located at the Maricopa Agricultural Center about 90 miles northwest
of Tucson. The data consist of 75 soil noisture measurenments collected in Spring of 1988
froma depth of 10 centimeters within a domain approxinately 1500 meters long (East-
West) and 250 meters wide (North-South). Figure 6 shows the sanpling locations in plan
view. Note there are three East-\West transections of 15 data each and two areas of
denser data clustering. Vrrick et al (1990) designed and inplemented the sanpling plan
as part of a project involving sanpling strategies and geostatistical analysis of hydrol ogic
properties in the upper vadose zone. The two areas of clustering were assigned on a
quasi -random basis for the purpose of honogenizing lag class sizes for experinenta
variogramcal cul ations. Each measurement consists of an X-Y coordinate location and the
moi sture content (ratio of weight of entrained water to weight of solids) of the extracted
sanple given in percent. Table 5 lists the measured values. Soil types in the area consist
of the Casa Grande sandy clay loamand the Trix clay loam W used the soil moisture
data to calculate a set of estimations at gridded locations for graphical output as well as to
conduct sensitivity analysis for key programparameters and to eval uate estination error

Presently, we will discuss the initial set of gridded estimations
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250 m

1,500 m

L

Figure 6. Locations of the 75 soil moisture content measurements, plan view X is east, and Yis
north.

Table 5. List of soil mpisture content data.

Ea«ting Nor t hi ng Per cent Easting Nor t hi ng Percent
(meters) (meters) Moi sture (neters) (meters) I Moi sture
50.0 500 17.2 865.0 50.0 17.2
500 150.0 21.9 866.0 150.0 20.1
50.0 260. 0 246 865.0 250.0 5
150.0 50.0 iao 965.0 50.0 20.1
150.0 150.0 23.6 966. 0 160.0 202
150.0 250.0 245 965. 0 250. 0 197
250.0 60.0 19.6 1035.0 210.0 19.8
250.0 160.0 241 1040.0 140.0 199
250 0 260.0 242 1040. 0 230.0 19.0
360 0 50.0 20.9 1065. 0 50.0 21.8
350. 0 160.0 26.3 1065. 0 160.0 20 0
350. 0 250.0 241 1065. 0 260. 0 18.3
385.0 236.0 22.8 1070.0 185.0 19.9
395 0 70.0 20.0 1090. 0 155.0 21.4
400. 0 215.0 204 1090. 0 265.0 17.8
400.0 255.0 19.7 1095.0 30.0 201
410.0 90.0 22.2 1095. 0 75.0 193
410.0 175.0 23.5 1120.0 20.0 16.5
415.0 195.0 22.7 1120.0 90.0 19.9
420.0 30.0 19.0 1125.0 250.0 168
425.0 125.0 23.2 1135.0 130.0 198
445.0 140.0 19.2 1145.0 265.0 17.9
445.0 250.0 17.4 1156.0 50.0 18.8
450.0 700 160 1165.0 150.0 23.1
465.0 50.0 142 1165.0 250.0 163
465.0 150.0 18.8 1205.0 100 17.5
465.0 260.0 18.4 1205.0 850 191
485.0 100.0 13.3 1225.0 100 17.2
505. 0 110.0 13.2 1265.0 50.0 22.0
565. 0 50.0 10.4 1265.0 150.0 22.7
565. 0 160. 0 15.5 1265.0 250.0 16.2
565. 0 250.0 158 1365. 0 50.0 21.8
665.0 50.0 149 1365.0 150.0 2z4
665.0 150.0 149 1365.0 250.0 183
665.0 250.0 20.9 1465.0 50.0 204
765. 0 50.0 169 1465.0 160. 0 19.6
766. 0 150.0 20.3 1465.0 260. 0 15.1
765.0 260.0 19.0

Basel i ne Case

W constructed an estimation grid around the data for the first case. The

rectangul ar domain extends in the X-direction (easting) fi-om0 to 1500 meters and in the
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Y-direction (northing) from20 to 270 meters. Node spacing was 10 meters in both
directions for 151 nodes in X and 26 in Y. The total number of estimation points is 3926
For this case, we used the polynomal GSC model with a local neighborhood of 13 data
points

On output, the follow ng parameters are provided for each node: order of
intrinsity v, covariance coefficient values, soil moisture estimte "(s".), and estimation

error variance 0°(5"). These resuhs are graphical Iy displayed to depict their spatia
variation. Figure 7 depicts v throughout the domain. The noteworthy contribution of this
graphic is the spatial variability of v. The order of intrinsity which best describes the trend
characteristics for any local neighborhood varies from nei ghborhood to nei ghbor hood
Sinlarly, Figure 8 depicts the spatial variability of the covariance coefficient val ues
{aQ CQc,, C2} which provide the optiml (mnimzed) solution to the objective fiinction
[34]. Again, this variability indicates the correlation structure of the soil moisture SRF
varies from nei ghborhood to nei ghborhood so that the optimal covariance paraneters
model ed for the correlation structure vary as well

It is inportant to note that the values for v and {a" c* c,, G} do not depend on the
actual spatial coordinates of a given node but rather on the set of [ocal data points which
compri se the nei ghborhood around that node. Thus any two or more adjacent nodes
whi ch, because of their proximty, share the same nei ghborhood of/w data will also have
the sane cal culated values for v and {clo, Cg,c”,c]. This characteristic results fromthe
al gori thmwhich enploys only the local data points, removing themone at a tine and
estimting themfromthe remining nei ghborhood points, to determne v and the
covariance paraneters.

The cal culated values of v and {a", ¢, c,, 03} at each node give rise to the estinmates
and estimtion error variances for each node. Making the assunption that the estimation
errors X{s")- JSt(s") are normally distributed, 95%confidence interval wdths can be

constructed using the values for C/*(s"). The estimtes and confidence interval widths are
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Figure 8a. Values of coefficient a. for baseline estimation case.
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l% ni ,\CI*/\II/\II,\

Figure 8b. Values of coefficient c* for baseline estimation case.
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depicted graphically in Figures 9 and 10, respectively. Note that the estinmation surface
(Figure 9) is locally irregular and, on a nore regional scale, depicts soil moisture content
as a non-honogeneous process. This behavior is appropriate for a SRF approach to

model i ng and estimation

Error and Sensitivity Analyses

W conducted error and sensitivity analyses to assess the performance of the
algorithm These consisted of cross-validating the 75 data ~ that is, calculating estimates
at each data point using surrounding points ~ and determning the estimation error for
various configurations of neighborhood size and generalized covariance nodel . Table 6
summari zes the scenarios considered. Appendix C contains histograms of estination

errors for each case as well as scatter plots with [inear regression fits for the actual data
val ues (s;) versus the estimated values A(s,). The [inear regressions provie an

indication of kriging prediction success with a regression nodel of y-Ix and a regression

coefficient of 1.0 indicating perfect prediction,

Table 6. Summary of cross-validation cases.

Case  Nei ghborhood GSC Nugget Regr essi on
Nunber Si ze Model Term Coef ficient
Cc1 10 P Yes 0. 5683
c2 13 P Yes 0. 4536
03 16 P Yes 0. 4166
4 10 PS Yes 0.5725
05 13 PS Yes 0.5884
06 16 PS Yes 0.4763
o7 10 PE (na) 0. 4525
os 13 PE (na) 0.4729
09 16 PE (na) 0.0783
010 10 P No 0. 6222

011 13 PS No 0.7100
P. Polynomial Model

PS: Pol ynomi al - Spl i ne Model
PE- Pol y-Exponential Mbdel
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Figure 9. Estimated values of soil noisture content for baseline case.
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Figure 10. 95%confidence interval widths for estimtes frombaseline case
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In addition we have constructed cumulative distribution plots for the absolute errors
X(s,) - X(s,). These plots can be contrasted against ong another to provide an

indication of relative overall accuracy. Figure 11 contrasts the absolute errors for the
polynom al GSC given neighborhood sizes of 10, 13, and 16 points. Inspection suggests
that the 10-, 13-, and 16-point neighborhoods are close in overall accuracy but that the
10-point subset provides sligntly better overall accuracy than the 13-point which is slightly
better than the 16-point. The corresponding |inear regression coeflBcient values are
0.5683, 0.4536, and 0.4166 for 10, 13, and 16 points respectively. The decreasing val ues
verify the suggestion of the cunulative plots, namely that the smallest neighborhood
provides the most accurate results

Asimlar plot of cumilative errors for the polynomal-spline GSC model is shown
in Figure 12. Inspection suggests the 10- and 13-point neighborhood cases are very close
in overall accuracy and both are slightly better than the 16-point case. The corresponding
regression coefficient values are 0.5725, 0.5884, and 0.4763 for 10, 13, and 16 points
respectively. The r* values echo the inplication of the cumulative distribution graph that
the smaller neighborhoods are better

The sane nei ghbor hood- si ze cases were run with the poly-exponential nodel
Figure 13 i's the cumulative plot of cross-vaHdation errors. The 10- and 13- point
nei ghbor hoods provi de approximately the same overall accuracy, and both are significantly
better than the 16-point neighborhood. The corresponding regression coefficient val ues
are 0.4525, 0.4729, and 0.0783 for 10, 13, and 16 points respectively. The extremely I ow
' value for the 16 point case vas caused mostly by 3 extreme outlier errors, |fi] > 10%
moi sture. Vhen these outliers are ignored, the regression coefficient improves to 0.4751
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Subset Size:
Pol ynoni al k(r)

[ETTPTT 10 points
-------- 13 pointo
--------- 16 points
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Absol ute Error, (% noisture)

Figure 11. Cunulative frequency distribution of absolute errors for different neighborhood sizes
using the polynonial GSC nodel .

o
V_ Subset Size:
- Pol ynoni al - Sphne K(r)
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a 10 points
o )
o 13 points
.......... 16 points
' | " ' | !
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Absol ute Error, (% noisture)

Figure 12. Cunulative frequency distribution of absolute errors for different neighborhood sizes
using the pol ynom al -spline GSC nodel .
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Subset Size
Pol y-exponential k(r)

9 ne

10 poul ts

13 points

o

16 points

Oy W

Absol ute Error, (% noisture)

Figure 13. Cunnulative frequency distribution of absolute errors for different neighborhood sizes
usi ng the poly-exponential GSC rmodel .

It is apparent that neighborhood size has an effect on overal| estimation accuracy.
For all three GSC nodels, the smaller neighborhoods seemed to produce the best results
wth this data set. It should also be noted that the optimal GSC at a disproportionately
l'arge nunber of the grid locations in Figure 8 were chosen by the goodness-of-fit
parameter [39] to be the pure nugget covariance kMr) = a* §r). Cressie (1986) made a
simlar observation of the geostatistical package BLUEPACK (Delfiner, Renard, and
Chiles, 1978) which uses a simlar algorithmfor kriging under the intrinsic hypothesis.
The declaration of a process as white noise runs contrary to the SRF concept of structural

correlation. Thus, we reran the polynonial and pol ynom al-spline cross-validations

wi thout the GSC nugget term The coefficient a* was sinply forced to take the value 0.0.
A 10- poi nt nei ghborhood was used for the polynomal case, since 10 points produced the

best results with nugget effect. Simlarly 13 points were used for the polynomal-spline

case.

Figure 14 shows the cunul ative frequency distributions for the absolute errors

fromthe polynomal case with and without a nugget term Figure 15 is the same for the
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pol ynom al -spline case. In both GSCs, the case without nugget effect appears to produce
better overall accuracy. The linear regression coeflBcients for the polynomal model are
0.5683 with nugget termand 0.6222 without. For the polynom al-spline, the values are
0.5884 with nugget and 0.7100 without.

Estimation accuracy for this data set is improved using a GSC model without
nugget effect. However, during the gridded estination, the goodness-of-fit parameter
[39] gave better values for the pure nugget GSC than for any other formthe majority of
the time. It Is suggested that in subsequent versions of the kriging programan alternate
goodness-of -1t evaluation (e.q. aackknife estimator) should be used in place of [39 to
correct this anomal y. |

<o

10-poii»t Subset:
el( Pol ynomi al k(r)

Wth Nugget Term
----- Wthout Nugget Teim

Oun 's

Absol ute Error, (% noisture)

Figure 14. Qunulative frequency distribution of absolute errors, polynomal GSC model with and
without nugget effect.
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Figure 15. Cumulative frequencwaiﬁtng%hhqﬂngfrﬁgzg{ugffgigprs, pol ynom al - spline GSC node
One additional evaluation contrasts the three diflferent GSC models: which one

performs the best with this data set? Based on the correlation coefficients for the cross-
validations above, the best performance is fromthe polynomal-spline nodel without
nugget effect. The pol y-exponential model proved the |east accurate. However, the

sol ution scheme for the poly-exponential coefficient is more conplex than for the other
GSCs and requires an initial coefficient guess as well as a penalty fiinction appended to the
objective fiinction [34] toimpose a solution constrain for permssibility of the GSC
Different conbinations of initial guess and choice of penalty fiinction mght improve

results.

Estimation Error Variance

One final topic concerns estimation error variance. It has been generally thought
that the estimation error variance for a kriging estimate provides some indication of
accuracy of the estimte. One would therefore expect high error variances to be

associated with high errors. To check whether the kriging variances for both an ordinary
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and universal kriging scheme could be used as measures of |ocal accuracy, Journel and
Rossi (1989) ranked the absolute errors from100 cross-validated data and plotted them
against the ranks of the corresponding error variances. They found no significant
correlation (linear regression correlation coefficients <0.1).

Ve conducted a simlar exercise with our 75 data using the most successful case:
pol ynom al -spline GSC and 13-point nelghborhood. The scatter plot s shown in Figure
16. Qur results confirmthe findings of Journel and Rossi, namely that the relative
magni tude of the estimation error variance is not correlated wth the relative magnitude of
the actual estimation error. It should be noted that solution of the kriging weights does
not depend on the actual data values (data-independence property) but only on the
covariance fiinction and the relative positions of the data and estimation point. Thus, the
error variance i not generally a measure of local accuracy. Rather, as noted by Journel
and Rossi, it s simply a covariance-nodel - dependent ranking of configurations of data

| ocations.

75 -

70 t

65 -
a0-i o
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Figure 16. Rani®s of absolute estimation errors vs. ranks of corresponding error variances.
Correlation coefficient: r=0.0363.
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Ve offer an additional explanation for this lack of correlation. Being a function of
random variabl es, the estimation error i itself a randomvariable. As such it is
characterized by a probability density fiinction for which the variance paraneter provides
some indication of spread. The larger the variance, the wder the spread and the more
probable is a large error value (i.e., inaccurate estimte). However, a large variance does
not necessari |y correspond t0 a [arge estimtion error. Rather, it sinply corresponds to a
larger range of possible error values. It says nothing about the error values themsel ves
Being random varianles, they can take on any value wthin the range assigned by the
probabi ity distributions. Thus, it i§ quite possible and not surprising to have a small error
associated with a large error variance and a Somewhat large error associated with a sml
variance. This condition would account for the lack of correlation between the relative
magni tudes of the estimation errors and the error variances. It Is suggested here that
anal ysts using kriging should keep the above discussion in mnd while assessing accuracy

with the error variance.
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In this work we have applied, using local neighborhoods of data, a kriging
estimator under the intrinsic hypothesis of SRFS to analyze trend characteristics and GC
parameters and to calculate point estimates of a spatially distributed paraneter (in this
case, soil moisture content). The intrinsic hypothesis studied here s more general in
theory than commonly used conventional approaches. The non- honogeneous
phenonenon i transformed into a honogeneous process of spatial increments of order v.
The resulting surface is trend-free. Subsequent analyses are performed using these
increnents rather than the original process. The assumption of data honogeneity which
nore conventional nethods rely upon (e.q. ordinary kriging) is not necessary. The order
of Intrinsity parameter, v, describes the degree of trend in the original process. This trend
(s filtered out in the increments. Additionally, the ordinary covariance of the original
process may be deconposed into a honogeneous conponent (the GSG-v) and a non-
homogeneous component. As it turns out, v and the GSG-v provide a conplete
stochastic characterization of the process and are necessary and sufficient inputs to the
kriging estimation schene. As with other kriging estimators, the intrinsic kriging schene
IS alinear, unbiased estimator with mninumestimation error variance.

V¢ have inplenented an automated al gorithmwhich chooses the order of
intrinsity and GSG-v parameters that best suit the trend and correlation structure of the
local nei ghborhoods. The point estinates are then based on these localized descriptions,
When trend and covariance analyses are conducted over a grid, the results can be
[lustrated graphically to depict the spatial variations intrend and correlation structure of
the original process.

The al gorithmhas been applied to a set of 75 soil noisture content measurenents,
W used three different GSG-v models in various conbinations with neighborhood size.
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Conparison of the results fromthese combinations denonstrates that neighborhood size
and GSC model both effect the overall accuracy of the estimates. The conbination which
produced the best overall results consisted of the polynomal-spline GSC nodel without
the nugget termand a 13-point nei ghbor hood.
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Mai n Modul e

Narme

AQ 0O O, &2
Akm

Bkv

Bkvdup
Dat a

dX
day
Err

i bul
icvg

| ext
|1 GSC

i spot
MAXdat
MAXNnhd
Ncunt

ncvg

Ndat a

Nhood
NN x

Nny

Radi i

Subl
W sLin

Type

Real variable
Real array

Real array

Real array

Real array
Real variable

Real variable
Real variable
Real variable

I'nt eger
I'nt eger

I'nt eger
I nteger

I'nt eger
[ nt eger
I nt eger
I nt eger
I nt eger

| nt eger
I'nt eger
I'nt eger
I nt eger
I nt eger
| nt eger

variabl e
variabl e

variabl e
array

variable
variabl e
variabl e
variabl e
variabl e

variabl e
variable
variable
variabl e
variabl e
variabl e

Real array

Real array
Real array

Descri ption

Local values of polynomal covariance coefficients.

Left-hand-side covariance matrix for systemof intrinsic kriging
equations.

Ri ght - hand-si de covariance vector for systemof intrinsic kriging
equati ons

Dublicate of array Bkv.

Spatial coordinates and parameter values of input data.

X-spacing between grid nodes.

Y-spacing between grid nodes.

Local value of estimation error variance

Local value of point estimate.

Condition flag: 0 =no bull"s-eye; 1 = bull's-eye.

Condition flag: 0 = non-converging covariance solutions; 1 =
converging sol utions.

Nunber of spatial nonomials in systemof kriging equations.

M xed-integer tenplate for various forms of the covariance
fiinction. Dimensioned 15x4x3: up to 15 possible pol ynonial
covariance forms depending on v; 4 coefficients in order as AQ
00 0, and C2; 3 possible orders of intrinsity. Anentry of 1
indicates a non-zero coefficient value for that covariance form

and the given v-value. Entries of 0 indicate the coefficient is not
used in that form

Index placehol der for data point which is bul s-eyed.

Dimension parameter for nunber of input data points.

Dimensi on paraneter for size of [ocal neighborhoods.

Cointer for kriging node ciurently being processed.

Counter for number of non-converging covariance coefficients

sol utions.

Nunber of data points in the input file.

Nunber of equations in kriging system

Nunber of data points which conprise the local nei ghborhoods.

Nunber of grid nodes in X-direction.

Nunber of grid nodes in Y-direction.

Local value of order of intrinsity, v.

Matrix of scalar distances between all pairs of neighborhood points.
Diagonal hol ds val ues between current node and al |
nei ghbor hood poi nts.

Spatial coordinates and paraneter values of input data.

Matrix of kriging weights resulting fromestimation of each

nei ghborhood point fromall others using the Iinear covariance
k(r) =-r.
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Appendi x A

Variabl e Definitions and Source Code for Polynomal GSC

Xo Real variable
Xsk Real variable
Xvect Real array

Yo Real variable
Ysk Real variable

Subrouti ne Search

Nane Type

Dat a Real array

| or der Integer array
istep Integer variable
MAXdat Integer variable
MAXnhd Integer variable
Ndat a Integer variable
Nhood Integer variable
Radi us Real array

Subl Real array
Xsk Real variable
Ysk Real variable

Subrouti ne Cal cRd

Nanme Type

Dat set Real array
MAXNnhd Integer variable
Nhood Integer variable
r Real variable
Radi i Real array

Xsk Real variable
Ysk Real variable

Subroutine Intrin

Nane

Anu Real array
Bnu Real array
Di ff Real array

Starting X-value for grid.

X-val ue of current grid node.

Lef t-hand-si de vector of unknown kriging weights and Lagrange
miltipliers for systemof kriging equations.

Starting X-value for grid.

X-val ue of current grid node.

Descri ption

Spatial coordinates and parameter values of input data.

Index which keeps track of original order of sorted Radius val ues.

Causes sorting of one additional Radius value when there is a bull's-
eye.

Di mensi on parameter for nunber of input data points.

Di mension parameter for size of local neighborhoods.

Nunber of data points in the input file.

Nunber of data points which conprise the local neighborhoods.

Distances between all data points and current grid node.

Spatial coordinates and parameter val ues of current neighborhood.

X-val ue of current grid node.

X-val ue of current grid node.

Description
Spatial coordinates and paraneter values of current neighborhood.
Di mension parameter for size of Iocal nei ghborhoods.
Nunber of data points which conprise the local neighborhoods.
Di stance between two indicated points.
Matrix of scalar distances between all pairs of neighborhood points.
Diagonal hol ds val ues between current node and all
nei ghbor hood poi nts.
X-val ue of current grid node.
X-val ue of current grid node.

Description

Left-hand-side covariance matrix for systemof intrinsic kriging
equations constructed to estimate one data point fromthe others
in the nei ghborhood.

Right - hand-si de covariance vector for systemof intrinsic kriging
equations constructed to estimte one data point fromthe others
in the neighborhood. .

Absol ute val ues of estimation errors £ calculated for each renmoved

data point and each value of Nu =012
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Appendi x A:
Variable Definitions and Source Code for Polynomal GSC

Est Real variable Local estimte of data point removed fromthe neighborhood.

lalfa Integer variable Nunber of spatial nonomal in systemof kriging equations.

I'rank Integer array Rank val ues of estimation errors stored in DiflF.

MAXnhd Integer variable Di nension paraneter for size of local nei ghborhoods.

Ne Integer variable Nunber of equations in kriging system

Nhood Integer variable Nunber of data points which conprise the local neighborhoods.

Nu Integer variable Local order of intrinsity, v.

Subl Real array Spatial coordinates and parameter val ues of current nei ghborhood.

Sub2 Real array Spatial coordinates and paraneter values of current nei ghborhood
with one point renoved.

W sLin Real array Matrix of kriging weights resulting fromestimation of each
nei ghborhood point fromall others using the linear covariance
k(r) = -r.

XAl | Nu Real array Same as WsLin.

Xnu Real array Vector of solved kriging weights for a given point renoved fromthe

nei ghborhood and a given order of intrinsity.

Subr outi ne Renove

Nane Type Descri pti on

IndxPt Integer variable Index value for neighborhood point currently removed.

MAXnhd I nteger variable Dimension parameter for size of |ocal neighborhoods

Nhood Integer variable Nmber of data points which conprise the local neighborhoods.
Sub 1 Real array Spatial coordinates and parameter values of current neighborhood.

Sub2 Real array Spatial coordinates and paraneter values of current neighborhood
with one point renoved.

Subr out i ne Rank

Nane Type Descri pti on

Diff Real array Absolute values of estimation errors s calculated for each removed
data point and each value of Nu=0,1,2

I or der Integer array Stores original (pre-ranked) orders of estimtion errors in Diff.

| poi nt Integer variable Index value for neighborhood point currently removed.

I'rank Integer array Stores rank for given estination error for current point renoved.

MAXNnhd Integer variable Dimension paraneter for size of Iocal neighborhoods

Subr outi ne Set Nu

Nane Type Descri pti on

lorder Integer anay Stores original (Pre-ra.nked) orders of estimtion errors in Diff,

I point Integer variable Index value for neighborhood point currently removed.

Irank Integer array Stores rank for given estimtion error for ciurent point removed.

Isund, |, 2 Integer variable Summations of ranks associated with estimtion errors fromall
points removed for a given value of Nu=0,12

MAXnhd I nteger variable Dinension paraneter for size of local neighborhoods

M nsum I nteger variable Smallest of the three sums of ranks, IsumQ Isun, and Isun@
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Nhood
Nu

Appendi x A

Variable Definitions and Source Code for Polynomal GSC

Integer variable Nunber of data points which conprise the local nei ghborhoods.
Integer variable Local value of order of intrinsit>, v.

Subr outi ne Covar

Nanmne Type

A CO O, @
Best Cf Real

GSCcf

MAXNnhd
Nhood

Npass
Nu

Perm s

Radi i

Subl
W sLin

Real variable
arr ay

Real array

Integer variable
Integer variable
Integer variable
Integer variable
Character array

Real array

Real array
Real array

Subroutine Cal cCf

Nane Type
AO CO O, C2 Real variable

ACOLIi Real

vari abl e

Best Cf Real anay

COLi
d Li
C2Li
Csums
Er r Chk
Er r max

error

Real variable
Real variable
Real variable
Real variable
Char act er

Real variable
Real variable

Description

Local val ues of polynomal covariance coefficients.

Set of coefficients returned by the goodness-of-fit test conducted by
Sel ect .

I'n COWON bl ock GSCval based in routine Covar. Holds val ues
of polynomal covariance coefficients which are calculated in
CalcOr  Dimensioned 15x4x3 entries: up to 15 possible
polynom al covariance forns depending on v; 4 coefficients in
order as AQ CO, O, and C2; 3 possible orders of intrinsity.
Non-zero entries correspond to I's in IGSCarray in min
nodul e.

Dinension parameter for size of local neighborhoods

Number of data points which conprise the [ocal nei ghborhoods.

Nunber of passing covariance forns for a given grid node.

Local value of order of intrinsity, v.

Declared in COMMON bl ock COPchk based in routine Covar.
Entries correspond with a set of covariance coefficients for a
given formand are either "Pass" or "Fail", indicating the status
of the solution. Dimensioned 15x1x3 entries: 15 possible
pol ynori al covariance forns depending on v; 1 set of
coefficients for each form 3 possible orders of intrinsity.

Matrix of scalar distances between all pairs of neighborhood points.
Diagonal hol ds val ues between current node and all
nei ghbor hood poi nts.

Spatial coordinates and parameter values of input data.

Matrix of kriging weights resulting fromestimation of each

nei ghborhood point fromall others using the linear covariance
k(r) =-r.

Description

Local values of polynomial covariance coefficients.

Val ue fromfincttion AQ anb.

Set of coefficients returned by the goodness-of-fit test conducted by
Sel ect.

Val ue from function Cnl anb.

Val ue fromfinttion Cnlanb.

Val ue fromfunction Cnlanb.

Sunmartion counters of |anbda function terns.

Flag indicating if convergence test has passed for failed.

Naxi mum al | owabl e error in any coefficient solution vector.
Val ue fromfunction Reldif.
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icvg

I GSC

Iter
Maxi t
MAXNnhd
Mor el

Mor e2
Mor e3

Mor e4

ncvg
Nf or ns

Nhood
Npass
Nu

Perm s

Pval u
Radi i

Subl
surl
sur2
sur3
suré
W sLin

Appendi x A:

Variabl e Definitions and Source Code for Polynomal GSC

Real array

I nt eger

I nteger

I nt eger
I nt eger
I'nt eger
I nt eger

I nt eger
I'nteger
I'nteger
I'nt eger
I nt eger
I nt eger

| nt eger
I nt eger

variabl e

array

variabl e
variabl e
variable
variabl e

variabl e
variabl e
variable
variabl e
variabl e
variabl e

variabl e
variabl e

Character array

Char act er
Real array

Real array
Real variable

Real variable
Real variable
Real variable

Real array

I'n COMON bl ock GSCval based in routine Covar. Holds val ues
of polynomal covariance coefficients which are calculated in
CalcCt  Dimensioned 15x4x3 entries: up to 15 possible
pol ynomi al covariance forms depending on v; 4 coefficients in
order as AQ CO C, and C2; 3 possible orders of intrinsity.
Non-zero entries correspond to I's in [GSC array in min
nodul e.

COWMON flag indicating convergence ("1") or non-convergence
("0").

Declared in un-named COWON bl ock. M xed-integer tenplate
for various fornms of the covariance function. Dinensioned
15x4x3 entries: up to 15 possible polynonial covariance forms
depending on v; 4 coefficients in order as AQ CO O, and @2; 3
possi bl e orders of intrinsity. Anentry of 1 indicates a non-zero

coefficient value for that covariance formand the given v-val ue.
Entries of 0 indicate the coefficient is not used in that form

Iteration counter
Maxi mum number of iterations.

Di mensi on parameter for size of |ocal neighborhoods
[teration at which to begin the 1st level of successive under-
rel axation.

[teration at which to begin the 2nd level of successive under-
rel axation.

[teration at which to begin the 3rd level of successive under-
rel axation.

[teration at which to begin the 4th level of successive under-
rel axation.

Counter for nunber of non-converging sol utions.

Nunber of possible GSC forms for a given value of v.

Nunber of data points which comprise the Iocal neighborhoods.

Nunber of passing covariance forns for a given grid node.

Local value of order of intrinsity, v.

Declared in COWON bl ock COPchk based in routine Covar.
Entries correspond with a set of covariance coefficients for a
given formand are either "Pass" or "Fail", indicating the status
of the solution. Dimensioned 15x1x3 entries: 15 possihle
pol ynom al covariance forns depending on v; 1 set of
coefficients for each form 3 possible orders of intrinsity.

Flag indicating if permssibility test has passed or failed.

Matrix of scalar distances between all pairs of neighborhood points.
Diagonal hol ds val ues between current node and all
nei ghbor hood poi nts.

Spatial coordinates and paraneter values of input data.
Successive under-rel axation factor for 1st |evel.

Successive tnder-relaxation factor for 2nd |evel.
Successi ve under-rel axation factor for 3rd |evel.
Successive under-relaxation factor for 4th level.

Matrix of kriging weights resulting fromestimtion of each
nei ghborhood point fromall others using the Iinear covariance
k(r) = -r.
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W s Nxt

Xnew
Xol d
Yi
Ysuns

Appendi x A:

Variable Definitions and Source Code for Polynomal GSC

Real array

Real array
Real array
Real variable

Real array

Subrouti ne PermQ

Narme

A0, CO, C1, 2
Fl ag

I form

Nu

Type
Real variable

Charater variable

Integer variable
Integer variable

Subr outi ne NewW s

Nanme

A0, €O, C1, C2
Ak

Bk

Coeffs

lalfa

Nhood

Sub |
Sub2

W Set
Xk

Type
Real variable

Real array
Real array
Real array
Integer variable
Integer variable
Integer variable
Real array
Real array

Real array
Real array

Subrouti ne Sel ect

Nane
Ai

Best Cf
Et a

Nhood
Nu
Passng
Subl
W Set
Y

Type
Real variable

Real array
Real array

Integer variable
Integer variable
Real array
Real array

Real array
Real variable

Set of kriging weights calculated at each iteration for each point
removed in the local nei ghborhood.

New vector of coefficient values for a current iteration

O d vector of coefficient values for previous iteration,

Val ue of the spatial increment for a current data point removed.

Right-hand-si de vector for systemof equations for unknown
coefficients.

Description

Val ue of the polynomal covariance coefficients.

Flag indicating whether coefficient set is permssible or not.
I'ndex number for current formof the GSC being consi dered.
Value of order of intrinsity.

Description

Val ue of the polynonial covariance coefficients.

Covariance matrix for the kriging system

Covariance vector for the kriging system

Array of polynomial GSC coefficients.

Nunber of spatial monomials in systemof kriging equations.

Number of data in neighborhood.

Value for order of intrinsity V.

Array of neighborhood point locations and val ues.

Array of neighborhood point |ocations and val ues with one point
removed.

Set of kriging weights for all points in the neighborhood removed.

Unknown vector in kriging system the kriging weights.

Description

Val ue of finction AN
Val ues of coefficients with best goodness-of-fit.

Val ues of goodness-of-fit parameter r] associated with
corresponding GSC form

Number of data in nei ghborhood.

Value for order of intrinsity v.

Val ues of coefficients for all GSCforms which gave viable solutions

Array of neighborhood point locations and val ues.

Set of kriging weights for all points in the nei ghborhood renoved.
Val ue of spatial increment.
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Subroutines Kmatrx and Kvectr

Nare Type Descri ption

A0, OO, C1, 2 Real variable Val ues of pol ynomial GSC coefficients.

AK Real array Val ues of covariance matrix.

BK Real array Val ues of right-hand-side covariance vector.

Dat set Real array Spatial locations and val ues for nei ghborhood data.

I ext Integer variable Nunber of spatial monomials in sytemof kriging equations.
Ndi m Integer variable Number of points in nei ghborhood.

Pol yi un Real array Val ues of pol ynomi al nononial s.

Subroutines Estmat and Est Err

Nanme Type Descri ption

A0, 00, C1, 2 Real variable Val ues of pol ynomial GSC coefficients.

BK Real array Val ues of right-hand-side covariance vector.

Dat set Real array Spatial locations and values for neighborhood data.

Error Real variable Val ue of the estimation error variance.

Est Real variable Val ue of the kriging point estimte.

I ext Integer variable Number of spatial monomials in sytemof kriging equations.
Ndi m Integer variable Number of points in nei ghborhood.

W s Real array Val ues of kriging weights.
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This version of code contains in-line cooments to explain the programstructure. It is not
meant for machine use. The source code filename for this programis ~4Al N6. FOR

I MPLICI T DOUBLE PRECI SI ON (A-H, 0-2)

C.... Set the run paraneters for the case run.
PARAMETER ( Ndat a=75, Nhood=13, Nnx=151, Nny=l, Xo0=0.dO, Yo0=20.dO,
& dX=10.dO, dyY=10.dO

C.... Di mension the arrays which are used in the nain nodul e.
PARAMVETER { MAXdat =100, MAXnhd=20)
DI MENSI ON Dat a( MAXdat, 3), Subl (MAXnhd, 3), W sLi n{ MAXnhd, MAXnhd) ,
& Radi i (MAXnhd, MAXnhd) , Aknm( MAXnhd+6, MAXnhd+6) ,
& Bkv( MAXnhd+6), Bkvdup( MAXnhd+6), Xvect ( MAXnhd+6)

C.... Decl are and di nension the variables and arrays which are conmon.
COWON | GSC( 15, 4,0:2), ncvg, lcvg
COWON / Serch/ |bul, ispot
I NTEGER | GSC, ncvg, icvg, ibul, ispot

C.... Open the disk files used in input/output data transfers. By convention, file units
inthe 10s are for input, and file units in the 20s are for output. Unit 10 is the
input file containing the point value data. Three output files are specified. Unit 20
is the file receiving all the kriglng results. Unit 25 contains |ocations of any nodes
where covariance coefficient solututions did not converge. Unit 30 logs the execution
of the run, keeping a record of input data and run paraneters.

OPEN {10, Fil e="d:\work\data\sol Iwatr.txt", | OSTAT=i ol O
OPEN (20, Fil e="d:\work\scratch\chk77-1.txt"', | OSTAT=i 020)
OPEN (25, Fil e="d:\work\scratch\chk77-2.txt"', | 0STAT=i 025)
OPEN (30, Fil e="d:\work\scratch\chk77-3.txt"', | OSTAT=i 030)
VWRITE {*,' (4(2x,i5))¢) iol O i020, i025 i0SO

C.... Read the input data set fromthe specified disk file. Note that the
first colum of nunmbers in the data file should consist of integer
val ues which index the order of the data points. Currently, this
index value is not used in the program but is useful in the data
file as a neans of identifying where points may have been renoved
by declustering. The input data is echoed to screen and to the |og
output file.

READ (10,*) (idumb, Data{l,l), Data(l,2), Data(l,3), I=l,Ndata)
WRI TE (*,2020) (Data(l,l), Data(l,2), Data(l,3), I=I,Ndata)
WRI TE (30, 2020) (Data(l,!), Data(l,2), Data(l,3), |=I,Ndata)

2020 FORMAT (2(2x,f16.8), 2x, f 10. 3)

C.... Echo the run paraneters to the log output file. , ;
WRI TE (30, *) ' Par ent = mai n6. for'
WRI TE (30,*) ' Nhood =', Nhood
WRI TE (30,*) ' GSC =  Polynom al"'
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WRI TE (30,*) ' Nugget? - Yes’

WRI TE (30,*) Er r max 1. Ce-05
WRI TE (30,*) = Ndata , Ndata
WRI TE (30,*) ' Nnx -, Nnx

WRI TE (30,*) ' Nny =~ , Nny

WRI TE (30,*) = dX -, dX

WRI TE (30, *) = dY , dy

.Initialize some values. The subroutine Tenplt initializes the val ues
of the array IGSC to either 0 or 1, providing a tenplate of possible
covariance forns. See variable definitions for explanations of these

terns.

CALL Tenpl t - = - - =

NnNcwvg—0O - - a - , - - - =

NN=NNhnhx>x<* Nny -

Ncur nt =I|

Ysl c=Yo

C.... The followi ng nested DOl oops for Iny and | nx conduct the main portion of the

program They iterate through the grid of Ilcriging nodes, noving across a row of nodes
fromsmaller to larger X-values then up to the next row. The local intrinsic

lcriging algorithmis conducted within this nest for each node in the grid.

DO I ny=l, Nny \
s k —><o - = z

DO | nx=Il , Nnx

icvg=l
i bul =0
VWRI TE (*, 1090) Ncurnt, Nn, ncvg
VRI TE (30, 1090) Ncurnt, Nn, ncvg
i 090 FORVAT (' Processing node ', 14,' of ' ,\~' Ncvg = ', 14)

CALL Search (Ndata, Nhood, Dat a, Xsk, Ysk, Subl)
CALL Cal cRd (Nhood, Xsk, Ysk, Subl , Radi i)
CALL Intrin (Nhood, Subl, W sLi n, Nu)
CALL Covar (Nhood, Nu, Subl , Radii, W sLin,
S AO, CO, CcCa, =)

Co.. . Now t he order and coefficients of the GSC-v have been found for the current

kri gi ng node (Xsk, Ysk). The kriging point estimate and estimtion error variance can

now be determined. First, check to see a bull's-eye has occurred. |If so, the estimate
is given the value of the data point where the bull's-eye has occurred, and the
estimation error variance is zero. If not, the estinmate and error variance are

cal cul ated nornally.
IF (ibul .EQ 1) THEN

Est =Dat a(i spot, 3)
Err =0. dO
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ELSE IF (ibul .EQ 0) THEN
a2 - | ext=lal phal Nu)
CALL Kmatrx (Nhood, Text, A0, CO, Cl, C2, Subl, Akm 2
a - CALL Kvectr (Nnhood, Iext, Xsk, Ysk, AO,CoO,C1, C2,
= Subl ., Bl )

Coovr The b-vector for the kriging systemis used in two places: the
kriging systemitself and the estimation error variance. In the
solution of the kriging system the b-vector is operated on and
its values changed. Therefore, the duplicate Bkvdup is utilized

inthe linear solver, and the original Bkv is used in the error
vari ance cal cul ati on.

DO nm=l , Nhood+6

Bkvdup(m =Bkv(m
END DO

Ne=Nhood+I| ext

.; CALL Solva&l (AKmMm Ne, 26, Bkvdup, 1, 1) i

Cooiii The return fromthe linear solver Solv@ is the solution vector
the the systemof kriging equations. These values are passed
back the the calling nodul e through the array for the right-
hand- side vector, in this case Bkvdup. Therefore, the solution

.. val ues are copied into the array Xvect to avoid confusion as to
where they are.

DO ko=—I1 , Ne . = 3 = :
" - Xvect { ko) =Bkvdup( ko) - &
END DO

CALL Estmat (Nhood, Subl, Xvect, Est)

CALL EstErr (Nhood, |l ext, AQ CO, Cl, C2, Xvect, Bkv, Err)
END | F

Covvvvininnn Analysis for the current node is now conplete. The results are
witten to the output file. Next, icvg is checked to see if there were any non-

converging coefficient solutions to the covarlance paraneters. If so, the coordinates
of the current node are witten to file 25.

WRI TE (20, 2000) Xsk, Ysk, Est, Err, Nu, AC, CO, Ol , C2
2000 FORMAT (2(f12.7,2x),2(el5.7,2x),il,4(2x,el5.7))

IF (icvg .EQ 0) THEN
WRI TE (25, 2010) I nx, I ny, Xsk, Ysk
2010 FORMAT (2(2x,14),2(2x,f12.2))

-, END | F
Ncur mt —=Ncur mnt —+I ; " -
Xsk=Xs k-+d - = R |
END DO : '~ . ot R
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Ysk=Ysk+dY
= DO == -

C.... The line above defines the end of the DO-nest. The programis conpleted here.

WRITE (20,'(a,i4)') 'Nunber of GSC nodel s not converging:', ncvg
WRI TE (25,'(a,14)') 'Nunber of GSC npdels not converging:', ncvg

STOP

END

C.... This subroutine initializes the values of the array | GSC which provide a nixed-
integer template of the various fornms of the polynomal GSC function which are possible
with different orders of intrinsity. Al the values in IGSC are initially set to zero.
Then those el enents which correspond to covariance coefficients with non-zero val ues
are given val ues of 1.

SUBROUTI NE Tenpl t

COMMON | GSCf I 5, 4, 0: 2)
I NTEGER | GSC

C.... The first stepis toinitialize all elenments in IGSC().
D> A — 2 ., a s >
| > e I =11, a4=- - -
Do kK—0O, 2 v — "
1 GScd, ji . k) =0=2&
r—Jair_— > >

END DO -

[ = DN e S e e S
C.... Now, set the nonzero values for the case of v=0.

I GScd, 1, 0) =1
| GSC(1, 2, 0) =1 -

1GSC(2, 1, 0) =1
1 GSC(3, 2,0) =1
C.... Now, set the nonzero values for the case of v=l.
1GsSCd, 1, 1) =1
1 GSC(1,2,1)=1

I Gscd, 3, 1) =l

1GsC{2,1,1)=1
IGcsc( 2, 2, 1) =1 . ,
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1 GSC(3, 1, 1) =1
I Gcsc(3, 3, ) =14 r

1 GSC( 4, 2, 1) =1
I GSC( 4, 3, 1) =1

1 GSC(5, 1, 1) =1
1 GsC( 6, 2, 1) =1
1GSC(7,3,1)=1
. Now, set the nonzero values for the case of v=2.
1GSC(1,1,2)=1
1 GsSC(1, 2,2)=1
1GsC{1,3,2)=1
1 GSC(1, 4,2)=1
1GSC{2,1,2)=1
I GsC( 2, 2, 2) =1 " ;
1GSC{2,3,2)=1
| GSC( 3, 1, 2j =!I
1GSC(3,2,2)=1 ' 2 -
1 GSC( 3, 4,2)=1
1 GSC(4,1,2)=1
| GSC( 4, 3, 2) =1
| GSC( 4, 4, 2) =1
1 GSC(5, 2,2)=1
1 GSC(5, 3,2)=1

| GSC{ 5, 4, 2) =1

1 GSC(6, 1, 2) =1
1GSC(6,2,2)=1 & "

1GSC{7,1,2)=1
1 GSC(7, 3, 2) =1

1GsC{8, 1, 2) =1
| GSC(8, 4, 2) =1

| GSC( 9, 2, 2) =1
1 GSC( 9, 3, 2) =1

| GSC( 10, 2, 2) =1
| GSC( 10, 4, 2) =1

I GSC{ 11, 3, 2) =1
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I Gcscf 11, 4, 2) =1 -
1 GSC(12, 1, 2) =1
I GSC A3, 2, 2 =4 " -

| GSC( 14, 3, 2) =12 , a;:

| GSC( 15, 4, 2) =

Al the nonzero values are now set. Return to calling nmodul e.

RETURN

END

T R P T T N N N NN SN O AN SRR RN RN RN

C.... This subroutine conducts the search to identify the Nhood closest data points to a
given kriging node. The search is exhaustive anong all data points and is based on the
ranking of the scal ar distances between a given node and the data points. The routine
also identifies bull's-eyes and sets a series of flags if a bull's-eye occurs

SUBRQUTI NE Sear ch ( Ndat a, Nhood, Dat a, Xsk, Ysk, Subl )

I MPLICI T DOUBLE PRECI SI ON { A-H, 0-2)

PARAMETER ( MAXdat =100, ~4AXnhd=20)

DI MENSI ON Dat a( MAXdat , 3), Radi us(MAXdat), Subl (MAXnhd, 3)
| NTEGER | or der ( MAXdat )

COMVON / Serch/ i bul, ispot . o=
I NTEGER i bul , ispot

C.... Cal cul ate the scal ar distances between all the data points and the node
DO 1=1, Ndat a

Radi us(1)=Di st(Data(l, 1), Data(1, 2) , Xsk, Ysk)

Il or der 1 D> —I1 - =
END DO
C.... Sort the Nnhood+l smallest values in Radius(), |eaving the rest unsorted
C Al'though there are only Nnhood points to conprising the neighborhood, one
C extra value is sorted in the event that there is a "bull's-eye" and the
C cl osest point cannot be used.

DO 1=1, Nhood+1
. - . Do J=—I +— 1, Ndat a :
| F (RadiusfJ) .LT. Radius(l)) THEN \ S
CALL RSwap{Radi us(l), Radi us(J)) , ,
CALL | Swap(lorder(l),lorder(J)) : '

- ] — -
END DO
P r——am < [
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Check for a bullseye in the smallest radius value, i.e. the 1st array elem
ibul: "0"=no bullseye; "l|"=bullseye

istep: "1" = don't include 1st pt. in nhood: "0" = do include 1st pt.
ispot: this is the index # of bullseyed data pt.

The bull's-eyes are identified by a distance of zero between a given pair of
kri gi ng node and data point.

I F (Radiusd) .EQ O dO THEN

i bui =i : ~o o nNa ;-
i St & p—I - - -
i spot =l order (1)

ELSE
i step=0

END | F

Now set the values of Subl() to the appropriate values fromData().
Do 1 —31, Nhood & .
Subl {I, 1) =Dat a(l order (| +i step), 1)

Subl (I, 2) =Dat a{| order (| +i step), 2)
Subl (1,31 =Data{l order(l + istep), 3)

END DO

RETURN
r—JdIprT——D= =C = - .

This routine swaps two real variable val ues.
SUBROUTI NE RSwap (argl, arg2)

I MPLICI' T DOUBLE PRECI SI ON ( A-H, 0-2)

t enp=ar gl
argl =arg2
=_Jr g=2—t ennrpe -

RETURN

END

This routine swaps two integer variabl e val ues.
SUBROUTI NE | Swap (iargl,iarg2)

IMPLICI T I NTEGER (I-N)

i tenp=i ar gl

iargl =i arg2
iarg2=itenp
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_RET1 U=z - = =
 r—ax > ~ —
C.... This routine calculates the distances between all pairs of data points in the

current nei ghborhood and stores themis the array Radii for use in other routines

SUBRQUTI NE Cal cRd ( Nhood, Xsk, Ysk, Dat set, Radi i)

I MPLICI' T DOUBLE PRECI SION (A-H,0-2) . - '
PARAVETER ( MAXnhd=20)

DI MENSI ON Dat set (MAXnhd, 3), Radi i { MAXnhd, MAXnhd)

C.... STEP 1: Calculate the distances between the points in Datset and
C the current kriging node. Store these values on the diagonal of Radii().

DO 1=1, Nhood
r=Di st ( Xsk, Ysk, Datset (1, 1), Datset(1,2))
Radii (1,1)=r

END DO

C.... STEP 2: Calculate the distances between all pairs of points in Datset().
C Note that corresponding entries in the upper and |ower triangle of
C the matri x are equi val ent. , ta

DO I =1 , Nhood- | o a
DO J=I +1, Nhood
r=Di st (Datset (1, 1), Datset (1, 2),
& Datset (J, 1), Datset (J, 2))
Radii (1,J)=r
Radii (J,1)=r '
END DO

END DO

RETURN

END

C.... This subroutine determines the order of intrinsity fromthe set (0,1,2} which best
represents the trend characteristics of the current neighborhood. The al gorithmused is
defined in the text section on the intrinsic kriging algorithm

SUBRQUTI NE I ntrin (Nhood, Subl , W sLi n, Nu)

| MPLI CI T DOUBLE PRECI SI ON ( A-H, 0-2)

PARAMETER ( MAXnhd=20)

DI MENSI ON Subl (MAXnhd, 3), Sub2(MAXnhd, 3), Diff(0:2)
& Anu( MAXnhd+6, MAXnhd+6), Bnu{ MAXnhd+6), Xnu(MAXnhd+6),
& X i. |1 Nu(MAXnhd, MAXnhd, 0: 2) , WsLin (MAXnhd, MAXnhd )

I NTEGER | r ank( MAXnhd, 0: 2)
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NN r—INIIhhhhhuuod-— 1 z z

C.... The following DOloop is the master [oop which progresses through all the data
points in the nei ghborhood and conducts the operations described in the text sections.

DO I =l , Nhood
CALL Renove (Nhood, 1, Subl, Sub2)

Coovvnn. The fol lowing DO cycles through the set of Nu-values {0,1,2} for each point
removed and cal cul ates the estimtion error associated with that Nu-val ue.

a- DO I Nu=0, 2 ; , -N
I al fa=l al pha(l nu)
CALL Kmatrx (Nh,lalfa,0.dO 1.dG, 0.dQ 0.dO Sub2, Anu)
CALL Kvectr (Nh,lalfa, Subl(l,1),Subl(I,2),
& 0.dO | .dO 0. dO 0. dO Sub2, Bnu)

Ne=—DnNh +1 al f a " -
CALL Solv@& (Anu, Ne, 26, Bnu, I, 1) . ;!
DO ko=l , Ne
Xnu{ ko) =Bnu( ko)
END DO

DO Mel,Nn _ ;7 NN e ; -,
XAl Nu( 1, M I nu) =Xnu{M

> - =" =Nirs D — -
CALL Estnat (Nh, Sub2, Xnu, Est) i
Diff (1nu)=ABS(Est-Subl (1,3) ) -.2
 r—J4dainr— D> > 1
C........ The estimation errors in Diff are now ranked fromlowest to highest.

CALL Rank {I,D ff,lrank)?2

END DO

C.... The |owest sumof ranks for a given Nu is now determined, and the neighborhood is
given the corresponding order of intrinsity.

CALL Set Nu (Nhood, I rank, Nu)

C.... Now, for later use, save the sets of kriging weights which correspond
C to the deternined value of v for the neighborhood. The IF block nmaps
C the appropriate layer in XAIINu into WsLin. Note that these two

C arrays have different nunbers of colums; hence, the I'F block is needed
C to correctly map the entries. This segnment is verified, 6-25-92.1D

Do NAA— - NNFhhOoOo o d —
DO N=1I , Nlhood = =,
IF (N .LT. M THEN%, "

W sLin{MN)=XAll Nu(M N, Nu) & '
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ELSE IF (N -EQ M THEN

W sLin(M N =-1.dO
ELSE IF (N .GT. M THEN

W sLi n(M N)=XAl | Nu(M N-1, Nu)

END IF >
END DO
END DO
RETURN /
END

.-This routine renoves a data point froma
nei ghbor hood Sub2 consisting of the ol d neighbors minus the removed point.

SUBROUTI NE Renpve (Nhood, | ndxPt, Subl , Sub2)

I MPLICI T DOUBLE PRECI SI ON (A-H, 0-2)
PARAVETER ( MAXnhd=20)
DI MENSI ON Subl ( MAXnhd, 3), Sub2( MAXnhd, 3)

IF (IndxPt .EQ 1) THEN
DO 1=2, Nhood

Sub2(1-1,1)=Subl {1,1) -2
sub2(1-1,2)=subl (I, 2)
Sub2(1 -1, 3)=Subl (I, 3)
END DO
ELSE \ , , ;: - - y - - J

Sub2( 1 ndxPt - 1, 1) =Subl (1 ndxPt - 1, 1)

Sub2( 1 ndxPt - 1, 2) =Subl {1 ndxPt - 1, 2)

Sub2( 1 ndxPt -1, 3) =Subl (1 ndxPt-1, 3)
END I F -

RETURN

END

C.... Thi's routine ranks the estimation errors from Nu-values (0,1,2) as 1st, 2nd,
or 3rd fromsnallest error to |argest error.

SUBROUTI NE Rank (I point, Diff,Irank)

I MPLI CI' T DOUBLE PRECI SI ON (A-H, 0-2)
PARAVETER ( MAXnhd=20)

DI MENSI ON Di f f (0: 2)

| NTEGER | r ank( MAXnhd, 0: 2), |order(0:2)

..... Initialize the array lorder{).
| order (0) =0
lorder (1)=l
| order (2)=2 \
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C.... Sort the estimation errors in increasing order.
DO 1=0, 2
DO J=I +1, 2
IF (Diff(J) .LT. Diff(l)) THEN
- CALL Rswap (Diff(l),Dff(J))
CALL |swap (lorder(l),lorder(J))
END | F
END DO

END DO

C.... Assign ranks according to the sorted variance val ues.
I rank(I point,lorder{0))=1
I rank(I point,lorder(l))=2
I rank(Il point, |l order(2))=3

RETURN
rdar_ o= -
c
C.... This routine sets the order of intrinsity for a given nei ghborhood based on the

| owest sumof ranks for all the points renoved and all the tested values of Nu

SUBROUTI NE Set Nu ( Nhood, I rank, Nu)

| MPLICI'T DOUBLE PRECI SI ON (A-H,,0-2) r
PARAMETER ( MAXnhd=20)
I NTEGER | r ank( MAXnhd, 0: 2)

C .... Initialize the sunmati on vari abl es. .
| sunO=0
I sum =0

I sunk=0

C.... Add up the rank values for each order of intrinsity {0,1,2}.
DO 1=1, Nhood
I sur aC=l sunO+l r ank(1, 0)
I sum =l sum +l rank(1, 1)
| BumR=I sun2+l rank(l, 2)

END DO ° Y J. ;

C.... Test if two or nore of the rank sums are equal and smaller than the other rank sum
[f so, then assign v subjectively to the smallest possible order. This decisionis
based on the fact that an ISRF of order T) is also an | SRF of order C, where ( > rj
and that the reverse is not necessarily true. Thus, by chosing the |ower Nu-value in
the event of a tie, the nore conservative case is chosen.

IF ((IsumO .EQ Isum) .AND. (IsunD .LT. Isun2)) THEN

Nu=0
= " . = —a == ==
ELSE IF ((IsunD .EQ Isun®) .AND. (IsumD.LT. Isumi)) THEN
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Nu=0

RETURN

ELSE IF ((Isunl .EQ Isun2) .AND. (Isuml .LT. Isun0)) THEN

Nu=I

—Ee L WS ] oo =d |

ELSE IF {(IsunO .EQ Isum) .AND. (IsunD .EQ IsunR)) THEN

Nu=0
RETURN

END | F

intrinslty.

M nsum=M N( | sun®, | suni , | sun®)
IF (Mnsum.EQ |sun0 THEN

to the corresponding order of

Nu=0
ELSE |F (M nsum .EQ |Isum) THEN
—Jdu = | = =
ELSE | F (M nsum . EQ |sun2) THEN
Nu=2
END | F a
RETURN a2 /=
END
q*** kkkkkkkkk kkkkkk + _JfJA_JA* + _tr + _JfJf**** + ‘]fi_*** + ****_ti'*Jf***irAtth Kkkkkkkokkokkk
C.... This routine controls the calculation of the polynonial covariance paraneters
{a,,On,c. ,c,}. Gvenavalue of Nu, each possible formof the covariance is analyzed.

Those whi ch provide permssible solutions for {a|,,c.,c,,c,} are checked for goodness of

fit, and the best of those is used in the Icriglng calculations

The steps inpl enent ed

here are discussed in the text section on the intrinsic kriging algorithm

SUBROUTI NE Covar (Nhood, Nu, Subl , Radi i, WsLin, AQ, CO Cl, C2)

| MPLI I T DOUBLE PREC!I SI ON ( A-H, 0-2)

PARAMETER ( MAXnhd=20)

DI MENSI ON Subl ( MAXnhd, 3), Radii ( MAXnhd, MAXnhd),
W sLi n( MAXnhd, MAXnhd) , Best Cf (4)

COMVON / GSCval /  GSCcf (15, 4, 0: 2)

COMMON / COPchk/ Perm s( 15,1, 0: 2)

DOUBLE PRECI SI ON GsSCcf &2 =
CHARACTER*4 Perni s : : '

’ 1 L ]

First, initialize the values of the /GSCval/ and /COPchk/ COMMON arrays.

DO 1=1, 15
DO j=1,4
DO k=0, 2
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GSCcf{i,j, k)=0.dO
Perm s(i,1,k)="Fall’'
END DO
END DO
END DO

..... Now, begin the segnent to yield the values of the GSC coefs.
CALL Cal cCf (Nnood, Nu, Subl , W sLi n, Radi i, Npass)

C.... The variable Npass is returned fromthe routine CalcCf and is the nunber of
coefficient forms which pass the permssibility criteria. |If this value is zero, a

problem has occurred in Cal cCt, since no solution has been found for [a,,c,,c,,CA® In

this case, the linear covariance formk{r) =-r is used by default for the

kriging calculations. |f the value of Npass is 1, then only one formhas passed and
there is no need to conduct the goodness-of-fit test. If nore than one form passes, the
fit test is conducted to select the formwhich best describes the correlation structure
of the given nei ghborhood.

I F (Npass .EQ 0) THEN
WRI TE (30,*) ' **ERROR** Npass=0 in Covar().'
AO=0. dO
CO=l . dO
< — O . dcco - —
C2=0. dO
ELSE I F (Npass -EQ 1) THEN
DO 1=1, 15
I'F (Permis(i,l,Nu) .EQ 'Pass') THEN?Z;
DO j =1, 4
Best Cf (j ) =GSCcf (i, j, Nu)
END DO
END | F

END DO

ELSE | F (Npass .GE. 2) THEN

CALL Sel ect (Nnhood, Nu, Npass, Subl , Radi i, Best Cf)
END | F

AC=Best Cf (1)
CO0=Best Cf ( 2)
Cl =Best Cf ( 3) - . -2
C2=Best Cf (4)

RETURN .
P r—am__— - -

r;*_jf*k'*'/\fi r*__(f + _Jrk**_Jf*kA + ‘k/\k**A*k*_Jf**k*k**'*'***”*'k*'lf kkkkkkkkkkkkkkkkkkkkkx

C.... For a given value of Nu, this subroutine calculates the values of the covariance
coefficients and determnes whether or not they are permissible. Enbedded within the

loop for Iform which cycles through the possible GSC forms, is the DO WH LE |oop which
iterates on the coefficient solution set, checking for coefficient permssibility and
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convergence at each iteration. Each solution set corresponds to a GSC form and those
sets which are permssible and converged are saved. |f there is nore than one such
set, they are checked for goodness-of-fit fromthe calling modul e Covar.

SUBRQUTI NE Cal cCf (Nhood, Nu, Subl , W sLI n, Radi i , Npass)

I MPLI CI T DOUBLE PRECI SI ON ( A-H, 0-2)

PARAVETER (M i . Xnhd=20)

DI MENSI ON W sLi n( MAXnhd, MAXnhd), W sNxt ( MAXnhd, MAXnhd) ,
5 Radi i (MAXnhd, MAXnhd), Subl (MAXnhd, 3), Csuns(4, 4),
6 Xnew(4), Xol d(4), Ysuns(4)

CHARACTER*4 ErrChk, Pvalu

COWON | GsC{ 15, 4,0:2), ncvg, icvg

COMMVON / GSCval / GSCcef {15,4,0:2) ' "
COVMON / COPchk/ Perm s(15, 1, 0: 2)

DOUBLE PRECI SI ON GSCcf

| NTEGER | GSC, ncvg, icvg=s "
CHARACTER*4 Perm s

PARAMETER ( Errmax=I . Qd- 05, Maxit=25, Morel=10, surl=0.5d0,
i More2=12, sur2=0.1d0, More3=15, sur3=0. 0004 dQ,
& Mor ed4=20, sur4=0. OCOOOCA dO

C.... Assign the nunmber of possible GSC forms given the order v.
IF (Nu . EQ 0) Nfornms=3
I F (Nu . EQ 1) Nf or ns=7 .
IF (Nu . EQ 2) Nforns=15 ° a
NN aa = =& — o =

C.... Begin the main loop which iterates through all possible forns of the GSCv.

DO 100 | fornEl, Nforns

Co.ooi it Now, eguate values in WsNxt with those in WsLin so that the
Cinitial set of weights conmes fromthe case of k=(-r). Note that
C WsNxt() is reset to this initial set of values for each new GSC
[ @ f or m -

DO 1=1, Nhood
DO J=I, Nhood
W sNxtd, J)=WsLin(l, J)

END DO
a - END DO
C........ Now, begin the DO WH LE | oop which tests the convergence and
C permssibility of the different GSC-v forms. Some paraneters are
C initialized first. Note that the parameters Xnew and Xold are
C forced to zero by default for each new formof the GSC-v. Non-zero
Cc solutions fromthe solver will override the default val ues.
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C..oovit Initialize some variabl es before beginning.

Err Chk=' Fai |l '

Pval u— Pass*® -
[ | T = v —O AN
DO ni =l , 4

Xnew{ ni ) =0. dO
Xol d(ni)=0.dO
END DO

C........ Begin the loop to iterate on the coeffs for a given GSC form

DO WHI LE ((ErrChk .EQ '"Fail') .AND. {Pvalu .EQ 'Pass")
S .AND. (lter .LT. Maxit))

lter=lter+l

C.oovviinnn. STEP 1: construct the system of equations resulting fromdF/ dc.

DO m =1 , 4 , =2
YsunsCrmm ) =m=O. doOo . - i
DO iy =1, a -

Csuns (mM,m )=0.dO "’ -

END DO

END DO

ACLi =0. dO

COLi =0. dO

Cl Li =0. dO

C2H=0. dO
DO i =l , Nhood

IF (1GSC(1forml,Nu) .NE. 0)
a & AOLi =A0lanb( Nhood, i , W sNxt)
IF {IGSC(Iform2,Nu) .NE. 0)
5 COLi =Cnl anb( Nhood, i , WsNxt, Radii, 1)
IF {IGSC(Iforra, 3, Nu) .NE. 0)
6 Cd Li =Cnl anb( Nhood, i, Ht sNxt, Radi i , 3)
IF (1GSC(I1form4,Nu) .NE. 0)
& C2Li =Cnl anb( Nhood, i , W sNxt, Radi i, 5)
Yl =Spal nc( Nhood, i , W sNxt , Subl )

IF {1GSC(Iforml,Nu) .NE 0) THEN
e Csuns(l,l)=Csuns{l,|)+A0Li **2

Csuns(l, 2) =Csuns(l, 2) - AOLi *COL.i
Csuns( |, 3)=Csuns(l, 3) +AOLi *d Li
Csums( 1, 4) =Csuns( 1, 4) - AOLi * C2Li
Ysuns(|)=ysunms(l)+(Yi**2)*A0LI

| ———— | =
Csuns(l,1)=l.dO

[ == N | B> 1 ut

Page A-22


NEATPAGEINFO:id=EF6A93F3-92EB-4E52-A78D-8614092391E6


Appendi x A
Variable Definitions and Source Code for Polynomal GSC

IF {1GSC(Iform2,Nu) .NE. 0) THEN
a ' Csuns(2,1)=Csuns(2,!1)+COLi *AOLi
Csuns( 2, 2) ==Csuns (2, 2) - COLi **2
Csuns( 2, 3) =Csuns( 2, 3) +COLi *d Li
Csuns( 2, 4) =Csuns( 2, 4) - QOLi * C2Li
Ysuns(2) =Ysuns(2)+(Yi**2)*COLi
= L ==K

Csuns(2, 2) =l .dO

END | F =°

IF (1GSC(Iform 3, Nu) .NE. 0) THEN
Csuns(3, 1) =Csuns( 3, 1) +C Li *ACQLI
Csumns( 3, 2) =Csuns( 3, 2) - A Li *COLi
Csuns{ 3, 3) =Csuns( 3, 3) +Cl Li **2
Csuns( 3, 4) =Csuns(3,4)-d Li *C2Li 2
Ysums(3) =Ysuns(3) +(Yi **2)*C Li

ELSE
Csums(3, 3) =l . dO

END | F

IF (1GSC(1form4, Nu) .NE. 0) THEN
Csums(4,|)=Csuns(4,1)+C2Li *AOLi
Csuns( 4, 2) =Csuns( 4, 2) - C2Li * COLi
Csuns(4, 3) =Csuns( 4, 3) +C2Li *d LI
Csuns( 4, 4) =Csuns( 4, 4) - C2Li **2
Ysuns(4) =Ysuns(4) +(Yi **2) *C2Li

AV ELSE |, ; Y,
Csums( 4, 4) =l . dO
END | F
END DO - . - = =2 a
Coovvvvvnnnn STEP 2. solve the current system of equations using Gauss-Jordan.

CALL Sol v&@ (Csuns, 4, 4, Ysums, |, 1)
DO ki =l , 4

Xnew ki ) = Ysuns(( ki ) - - '
END DO . .

Coovvvnnnnnt, STEP 3: use successive underrelaxatlon if the solution is not converging

IF ((Iter .GI. Morel) .AND. (Iter .LE. Mre2)) THEN
DO Ir=l, 4
Xnew(ir)=surl*Xnew(ir) + (I.dO surl)-"~Xold(ir)
END DO
ELSE IF ((lter .GI. Mre2) .AND. (Iter .LE. More3)) THEN
DOir=l,4
Xnew(ir)=sur2*Xnew(ir)+(1.0-sur2)*Xold(ir)
END DO

ELSE IF ((Iter .GT. Mre3) .AND. (lter .LE Mored)) THEN
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Do i r =1, = -
Xnew{ir)=sur3*Xnew(ir)+(1.0-sur3)*Xold(ir)
END DO
ELSE IF (lter .GT. Mre4) THEN
DOir=l,4
Xnew(ir)=sur4*Xnew(ir)+(1.0-sur4)*Xold(ir)
END DO

END | F -

Coovviint STEP 4: check the permissibility of the new coeff val ues.
CALL PernQ (Nu, | form Xnew(l), Xnew 2), Xnew( 3),
& Xnewvw( 4) , Pval u)
IF (Pvalu .EQ 'Fail') THEN
coro 2oo L -t - a
Eli SE

CONIT 1T NUE -

= rJar— | — =

Covin STEP 5. check if the new coeff solution set has converged. |f not, update
the solution set and prepare another set of kriging weights using the updated GSC

coefficients.

error=Rel di f (4, Xol d, Xnew)

IF ((error .LE. Errnax) .AND. (lter .GI. 1)) THEN
Err Chk=' Pass"

ELSE
Err Chk=' Fai | '
Xol d=Xnew

CALL NewW s ( Nhood, Nu, Subl , Xol d, W sNxt )
END | F

= O O << oOor~IrrumTi msau _JE =
END DO

IF (Iter .GE. Maxit) THEN
NnNcwvg—nacywg-+I
i cvg=0 , &
Err Chk=' Fai | *

rJainr— | —

GSCcf (1 forra, 1, Nu) =Xnew( 1)

GSCcf (I form 2, Nu) =Xnew( 2)
a GSCcf (1 form 3, Nu) =Xnew( 3)

GSCcf (I form 4, Nu) =Xnew( 4)

IF ((ErrChk .EQ 'Pass') .AND. (Pvalu .EQ 'Pass')) THENi "
Perm s(lforml, Nu) =" Pass'
Npass=Npass+l

L _ = - - - -
Perm s(l form | , Nu) =" Fai |’
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100 END DO

RETURN
END

Qc********************************_************************* *kkkkkk Kk

C.... This subroutine checks the pernissibility of a set of covariance coefficients
{a(i,q,,c, jG} against the required conditions

SUBROUTI NE Per mQ (Nu, I form A0, CO, d, C2, Fl ag)

| MPLI CI' T DOUBLE PRECI SI ON ( A-H, 0-2) .,
CHARACTER*4 Fl ag

COMMON | GSC( 15, 4, 0: 2)
1 NT ECCE—= 1 S s

Fl ag— Pass" =
1 F (AO . LT. O doO THEN .
Fl ag="Fall®' [/ 2 J a

RET UGS = z
ELSE IF (CO .LT. O dO THEN "- -

—1 =g — " — a1 | - -
RETURN
ELSE IF (C2 .LT. O dO THEN
Fl ag=' Fai | *
RETURN
[ == N | I J 1 — - =

IF ((Nu .EQ 2) .AND. (1GSC(Iform3,Nu) .NE. 0)) THEN
val ue= - DSQRT((100. dQ' 9. dO) * CO* C2)

IF (C .LT. value) Flag='Fail'
ELSE

IF (C .LT. O dO) Flag=Fail'
END I F

RETURN

END

NE* khkkkkkkkkkkkk ok ok kk ok ok ok k ko hkk ok ok ok k ok ok ok kk ok ok ok k ok ok ok k ok ok ok ok k ok ok ok ok ok k ok ok ok ok ok ko k ok k

C.... Gven a value of Nu, a neighborhood of data, and a set of covariance coefficients,

this routine calculates a new set of kriging weights X*- A" each point i removed from
t he nei ghbor hood.

SUBROUTI NE NewW s ( Nhood, Nu, Subl , Coef fs, W Set)

I MPLI G T DOUBLE PRECI SI ON (A-H, 0- Z)
PARAVETER ( MAXdat =100, MAXnhd=20)
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DI MENSI ON Subl ( MAXnhd, 3), Coeffs(4), Sub2(MAXnhd, 3),

& Ak( MAXnhd+6, MAXnhd+6), Bk( MAXnhd+6), Xk( MAXnhd+6),
& W Set ( MAXNnhd, MAXnhd)

..... Assign sonme initial values to |local variables.

Nh=Nhood- |

| al fa=l al pha(Nu) A

AO=Coeffs(l)
CO0=Coef f s(2)
Cl =Coef f s(3)

cC2—CoeftT f s(a)

Now, construct the matrix of kriging weights using the GSC passed in.
DO i =l , Nhood

CALL Renove (Nhood, i, Subl, Sub2)

CALL Kmatrx (Nh,lalfa, AQ CO Cl, C2, Sub2, Ak)

CALL Kvectr (Nh,lalfa, Subl (i, 1), Subl(i,2),
& AO, CO, A, C2, Ssub2, Bk)

Ne=Nh+Il al f a

CALL Sol vGJ (Ak, Ne, 26, Bk, 1, 1)
DO ko=l , Ne

<Xk ( ko)

END DO

=Bk ( ko) a2

DO j =1, Nhood \.:""
IF (j .LT. i) THEN
W Setd, j )=Xk(j ) '*
ELSE IF (j .EQ 1) THEN
WSetd,j )=-1.dO
ELSE IF (j .GT.
/ WSet (i, j )=Xk(j-1)
END 1 - - \/
END DO
END DO

1) THEN2

RETURN

END

C.... This routine calculates the value of the function A given the set of kriging
wei ghts X*j -

FUNCTI ON A anb (Nhood, Irow WSet) -]

I MPLI I T DOUBLE PRECI SI ON (A-H, 0-2)
PARAMVETER ( MAXnhd=20)
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DI MENSI ON W Set { MAXnhd, MAXnhd) "

Sunm=0. do=a=a=a

DO NM=I1 , NIhood » N
Sum=Sunm+(W Set {lrow, M 1**2

==rJir——- DS o

P

AA anmrb=Sum

RETURN
END= -

[AA-K-Kkk koK M-k -Kkkk-Kk-kKS KN At K-k kK koK Kk -kt kkkk okt (kA -k-kokokk -k krk-kok k Kok ok K kek -k kk

C.... This routine calculates the value of the functions A~ » A ? and A- given the set
of kriging weights X-- and a nei ghborhood of data.

FUNCTI ON Cnl anb ( Nhood, | row, W Set , Radi i, k)

| MPLI CI T DOUBLE PRECI SI ON ( A-H, 0- 2)
PARANETER { MAXNhd=20) - -
DI MENSI ON W Set ( MAXnhd, MAXnhd), Radi i (MAXnhd, MAXnhd)

Sur a=0. dO a

DO NM=1 , Nlhood b b - /
DO N=I , Nhood

IF (M.EQ N) THEN
radi us=0. dO
r- . ELSE
radi us=Radi i (M N)
END | F

Ter m=W Set (1 row, M *W Set (I row, N) *{radi us**k)

SunESum+Ter m

END DDOO= - - ) )
END DO

Cnl anmrb=Sum

E=T U=l AN
| = N | B L

kk- kkkkkkkkkkkkkkkk- kkk- kkkkk~kkkk- kkkkkkkkkkkkkkkkkkkkkkkkkkk kkkkkkkk

C....This routine calculates the value of the spatial increment /(s,) given the set of
kri gi ng wei ghts X -

FUNCTI ON Spal nc (Nnood, | row, W Set , Dat set)
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I MPLI CI' T DOUBLE PRECI SI ON (A-H, 0-2) 2 '
PARAMVETER ( MAXnhd=20)

DI MENSI ON W Set ( MAXnhd, MAXnhd) , Dat set ( MAXnhd, 3)

SurnmMmr—oO0. doO - — = ;
o DO MEIl, Nlhood - -
SunmrSum+Kt Set (1 row, M *Dat set (M 3)
END DO
Spal nc=Sum , ra
RETURN
END
C.... This routine calculates the percent relative difference between two values X and

X2.

FUNCTI ON Rel di f (Ndi m X1, X2)

I MPLICI T DOUBLE PRECI SI ON (A-H, 0-2)
PARAMVETER ( MAXnhd=20, MAXdi n¥4)
DI MENSI ON Xl ( MAXdi m) , X2( MAXdi m) 2

err max=1. 0d- 20

Do i —1 , Ndi o m T "
IF (XI(i) .EQ O dO THEN
CONIT I NNUE z
ELSE , - -
pdl ff=ABS((XI (i)-X2(i))/X2(i))
IF (pdiff .GI. errmax) errnmax=pdiff
END 1 F - - =

END DO
Rel di f =er r max

RETURN

END

C.... This routine conducts a goodness-of-fit test on two or more coefficient solutions
(i.e. covariance functions) to determ ne which one provides the best fit to the
correlation structure of the given neighborhood. The goodnes-of fit equationis

described in the text section.
SUBRQUTI NE Sel ect (Nhood, Nu, Npass, Subl , Radi i, Best Cf)

I MPLI CI T DOUBLE PRECI SI ON (A-H, 0-Z) -
PARAMVETER ( MAXnhd=20, MAXpas=15)
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DI MENSI ON Subl { MAXnhd, 3), Best Cf(4), Passng(MAXpas, 4),
& Et a( MAXpas), W Set ( MAXnhd, MAXnhd), Cf (4)
COVMON / GSCval / GsCcef (15, 4, O0: 2) ¢
COMMON / COPchk/ Perm s(15, 1, 0: 2)
DOUBLE PRECI SI ON GSCcf
CHARACTER* 4 Pernmi s

Assign the nunber of possible GSC forns given the order v. (This does not nean the
of actual forms being tested. That nunber is stored by the variabl e Npass.)

nunber

IF (Nu .EQ O0) Nforms=3
IF (Nu .EQ 1) Nforns=7
IF (Nu . EQ 2) Nforns=15

Now, copy the passing fornms of the GSC fromthe COMMON array GSCcf ()

C into the local array Passng().

i count =0
DO n¥l , Nf or ns
IF (Permis(ml, Nu) .EQ

i count =i CQunt +1

'Pass') THEN v

DO n=l , 4
Passng(i count, n) =GSCcf (m n, Nu)
END DO ;
ELSE
CONTI NUE
END | F
END DO
I'F (icount .NE. Npass) THEN
WRI TE (*, *)®

WRI TE (*,*)"' **ERROR** Values for icount and Npass in subroutine
& Sel ect are not equal '
T < o— = — - -
e r—anr—— [ — - _—

.Now, deternine the value of Eta for each of the passing GSC forrms.

DO n¥l , Npass
DO n=l, 4
Cf (n) =Passng{m n)
END DO
CALL NewW s ( Nhood, Nu, Subl , Cf, W Set)
Ysum=0. dO
Asunm=0. dO
DO i =I , Nhood ™
Yi =Spal nc( Nhood, i , W Set, Subl)
Ai =Af unc( Nhood, i , W Set, Radi i, Cf)
YsunmnrrEeE YsuurrmkeEYi v 2 ",

. a

AsunmFAs UM+ Ai
r—JaQr_—— | — aa— —= <> —
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Et a( m) =Ysum Asum

C.... Now, determ ne which of the GSC forns produced the value of Eta cl osest
C to one. This formis the best of the set.

wei

FUNCTI ON Af unc ( Nhood, | r ow, W Set , Radi i , Coef fs)

I MPLI CI T DOUBLE PRECI SI ON (A-H, 0-2)

PARAMETER ( f 4AXnhd=20)

DI MENSI ON W Set ( MAXnhd, MAXnhdl , Radi i ( MAXnhd, MAXnhd) ,
ACO—Coef f sL{1 D o~ ="
CO—CoeFf f 3 =D>Y> =" _ >
Cl =Coef f s(3)

C2=Coef f s(4|

SunNn—o0. do ; - . -

DO n¥l , Nhood

DO n=l , Nhood

IF (n .EQ m THEN
rl ag=0. dO - " '
1L _ =K N = =
rl ag=Radli (mn) . _
END | F
covar =GSC( AO, CO,d ,C2,rl ag) =&-
Ter nFW Set (I row, m) *W Set (| r ow, n) *covar

SurnmnmrTdededSurmr- T&r o rm -
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END DO
|l pa | — [ ———— [
Af uNnc=sum - " =& | b ~ ' ;

RETURN ™" -

END

C.... This routine constructs the |eft-hand-side covariance matrix of the system of
krl gi ng equati ons. ,

SUBROUTI NE Knmatrx (Ndl mlext, AQ CO, Cl, C2, Dat set, AK) _

I MPLI CI T DOUBLE PRECI SI ON ( A- H, 0-2)

PARAMETER ('t -1 AXnhd=20)

DI MENSI ON AK( MAXnhd+6, MAXnhd+6), Pol ynm( MAXnhd, 6),
4 Dat set ( MAXNhd, 3)

C.... Zero the values of the elenents in AK
| > [] —1 - NI S<mhhd +—~ & —_
DO j =l , MAXnhd+6
AK(i ,j)=0.dO ;.2 A
erJdainr - Do > - -
END DO

C.... STEP 1: Calculate the GSC val ues which conprise the core of the K matrix. The
matrix is symetric; therefore, redundant cal cul ations are elininated.

CovO=GSC( AO, CO, CI , C2, 0. dO)
DO 1=1, NdI m

AK(1, 1) =CovO
END DO

DO I =l , Ndi m |
DO J=I +l, Ndi m
r=Dl st (Datset (1,1) ,Datset( 1,2), .. -
& Datset (J, 1), Datset (J, 2))
AK(1,J)=GSC(A0, CO,d, C2,r) )
AK(J, 1) =AK(T, J)

r—anr_— [ —— -
END DO
0..... STEP 2: Calculate the spatial monomials and enter theminto
Cc the appropriate locations in the K matri x.
DO 1=1, NdI m
Pol ynn(l , I )=l .doO ~ |, ;N

Pol ynm( 1, 2) =Dat set (1, 1)
Pol ynra(l, 3)=Dat set (1, 2)
Pol ynm( 1, 4)=(Datset(l,1))**2
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Pol ynn(l , 5) =Datset (Il ,l)*Datset (1, 2) /
Pol ynn( |, 6) ={Datset (I,2))**2
END DO

DO 1=1, Ndi m
DO J=I, | ext
AK(1, J+Ndi m) =Pol ynn( 1, J)
AK(J+Ndi m 1) =Pol ynm(1, J)

END DO
END DO
C.... STEP 3: Fill in the zero block of the K matri x.

DO I =Ndi mt+1l , Ndi mt+-|l ext & "
DO J=Ndi m+l , Ndi m#l ext
AK{ 1, J)=0. dO

END DO - \N/; . -
=riar—o CDoco>— _. = N
RETURN
END
C.... This routine constructs the right-hand-side covariance vector of the system of

kri gi ng equati ons.
SUBROUTI NE Kvectr (Ndi mlext, Xsk,ysk, AQ CO Cl, C2, Datset, BK)

I MPLI CI T DOUBLE PRECI SI ON ( A- H, 0- 2)
PARAMVETER ( MAXnhd=20)

DI MENSI ON BK( MAXnhd+6) , Dat set (MAXnhd, 3), Pol ynny( 6)

C.... Zero the values of the elenents in BK
DO i =l , MAXnhd+6
BI(i ) —O. do=~- -
END DO
..... STEP 1: Calculate the GSC segment of the vector.

DO 1=1, Ndi m
r=Di st (Datset(l,1), Datset (I, 2), Xsk, Ysk) '
BK(1)=GSC{ AC, CO, 01, C2, r)

END DO

C.... STEP 2: Calcul ate the polynonial segnent of the vector.

Pol ynn{!1) =l . dO
Pol ynm( 2) =Xsk
Pol ynm( 3) =Ysk

B Pol ynm( 4) =Xsk**2
Pol ynr a{ 5) =Xsk* Ysk
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—FPol vwmm &6) — rshk; &~ =2
DO I =I, | ext
BK(I +NdIl m) =Pol vynn(1 ) &= - i
END DO - , ., et ot ]
RETURN
END
C.... Thi s subroutine solves the system of |inear equations A*x=b by Gauss-Jordan

elimnation with full pivoting. The solution vector {x} is passed back: to the calling
program through the array which initially contains the right-hand-side vector, B. The
the routine was taken from Nunerical Recipes (FORTRAN), 1992 editi on,

SUBROUTI NE Sol vG (A, N, NP, B, M MP)

| MPLI CI' T DOUBLE PRECI SI ON (A-H, 0-2) 2 ; )
PARAMETER (Nt' | AX=50)

DI MENSI ON A(NP, NP) , B(NP, MP) , | PI V(NMAX) , | NDXR( NVAX) , | NDXC({ NMAX)
DO 11 J=1, N

I Pl V(J) =0

11 CONTI NUE , -2

D022 1 =1,N ,

Bl G=0.

DO 13 J=1, N

I F(1 PILV(J) -NE. DTHEN2 ; -
DO 12 K=1, N
AL IFE (IPIV(K) . EQ O THEN
IF (ABS(A(J, K)).GE. BIG THEN
Bl G=ABS(A(J, K) )

| ROWEJ
I CO=K
ENDI F - - - , AV
ELSE IF (IPIV(K) .GT.l) THEN2 -,
PAUSE ' Si ngul ar matri x'
P A _—n — -
12 CONTI NUE - , - T,y e e
ENIDI =24 J

13 CONTI NUE
I PI V(1 COL) =l Pl V(I COL) +1
I'F (1 RON NE. | COL) THEN
DO 14 L=1, N
DUMEA( | RON L)

A(l ROW L) =A( | COL, L) A
A(l COL, L) =DUM
A = [ - ai> b W B I | N~ _JJE— - >

DO 15 L=1, M
DUMEB( | ROW L)
B(1 ROW L) =B(1 COL, L)
B(1 COL, L) =DUM
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a s oI Tl NUUUOE== = - -

ENDI F ; a
I NDXR(I1) =TROW, . '~n a
I NE>XCH 1 ) —1 COL 7/ = -

IF (A1 CO_, 1 COL) . EQ O ) THEN
WRITE (*,*) 'Singular matrix."'
STOP
END | F
Pl VI Nv=I ./ A(I CO_, | COL)
AC1l COL, 1 COL) =a21. =
DO 16 L=1,N
A(l COL, L) =A(1 CO., L) *PI VI NV a . . .
A e amie bW B e | [ N | W | —— —_
DO 17 L=1, M
B(1 COL, L) =B( | COL, L) *PI VI NV
17 CONTI NUE
DO 21 LL=1, N © ,
Il F(LL. NE. | COL) THEN - s
DUMEA( LL, | COL)
A(LL, | COL) =0.
DO 18 L=1, N
A(LL, L) =A(LL, L) - A{1 COL, L) * DUM
18 CONTI NUE
DO 19 L=1, M. ) a
B(LL, L) =B(LL, L)-B(1COL, L)*DUM
19 COoONTI NUE
ENDI F
21 CONTI NUE
22 CONTI NUE
DO 24 L=N, 1, -1 -V J
I F(I NDXR(L) . NE.I NDXC(L) ) THEN /
DO 23 K=1, N
DUNVEA( K, | NDXR(L) ) ~-
A(K, I NDXR( L)) =A(K, | NDXC{ L))
A(K, I NDXC(L) )=DUM ; -,
23 CONTI NUE
ENDI F
24 CONTI NUE
RETURN
END
(Mit-kitidf if if kkiekii icit k kiiifitkk k k-k ki<ifkkki:ilk-k-kkkk it kitititititititkkkk it i(kiti<icki;kit k-kif i<

C.... This routine solves the point estimte X\i) given a set of kriging weights.
SUBROUTI NE Est mat (Ndi m Dat set, W s, Est)
I MPLI CI T DOUBLE PRECI SI ON (A-H, 0-2)

PARANETER { MAXNhd=20) ~ -
DI MENSI ON Dat set ( MAXnhd, 3) , W s( MAXnhd+6) <
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C Calculate the estinmate at the point Sk.
Est —O. dO

Do 11—, Ndi o m . .
Est =Est +Dat set {I, 3) *W s(1)
= = oo &=
——EF N ©_PF—rr——1a - -
END
C.... This routine solves the estimation error a-"(s) +2 !

SUBROUTI NE EstErr (Ndimlext, AQ CO Cl,02,Ws, BK, Error)

I MPLI CI T DOUBLE PRECI SI ON (A-H, 0-2)
PARAMVETER ( MAXnhd=20)
DI MENSI ON BK( MAXnhd+6), W s( MAXnhd+6)

SuUurnmTF—oO . ddOoO - - -

DO 1 =1 , Ndi m+-1 e>x<t » = ;
SunmFSumMm+W s (1) *BK( 1)

END DO T " z - = :

CovO=GSC( AQ, CO, Cl , C2, 0. dO)

Err or =CovO- Sum

D W . sy—r—u -
P —am = -
C.... This function calcul ates the scalar distance between two points in 2d space.

FUNCTI ON Di st (XI, Yl, X2, Y2)

I MPLI G T DOUBLE PRECI SI ON (A-H, 0- Z)
Dl st =DSQRT( ( X2- X1) ** 2+( Y2- Y1) **2)

RET URN=S =
END
C.... This function calculates the value of the polynonmi al GSC function given a lag and a

set of coefficients {ag,G*", ch cM}e
FUNCTI ON GSC (AQ, CO, Cl, C2,rl ag) a a .
I MPLI CI' T DOUBLE PRECI SI ON (A-H, 0-2)

IF (rlag . NE. O dO©O THEN 1

del t a=0. dO

ELSE
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del t a=l . dO

END | F

GSC={ A0*del t a) - (CO*r | ag) +(d *rl ag**3) - (C2*r| ag**5)

[ aed N | A=

mE———— = .- -

This function cal culates the value of the function a(v) used to determne the nunber
nmonom al spatial coordinate functions needed in the system of kriglng equations.

FUNCT 1T O I al pha C mu) \ i

I MPLICI'T | NTEGER (I - N ; Yy 7/
Il al pha=( (nu+l)*(nNnu+2) )/2 ; ij

FE=T U I —_ - C -

QP B Jf *FHEN_JE B p ARREA o REANKARRIARKE | PUAKARIERRKp KRF p KERREARIEAE f KRR RA K

*************************************************************

(QF % % ok ek ke ok ke ok ok K kK ok ok ok ko K sk ok ok ok K ok K sk X kX Kk Xk K Kk k
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This appendi x contains the FORTRAN source code for the intrinsic kriging program
whi ch inplements the poly-exponential GSC model. The code is nearly identical to that
version of the programwhich uses the polynomal GSC model with the exception of those
subroutines an flinctions which conduct the solution of the co variance coefficient value, b.

Therefore, the code is sparsely comented. The reader is referred to the polynomal source

code for detailed coments and variabl e definitions.

***********************************************************************

C.This is the driving programfor a set of routines which conducts
C intrinsic kriging. The program advances through a user-defined grid of
C kriging nodes. At each node, the order of intrinsity, the coeffs
C of the GSC-v, the kriging point estinate, and the estimation error
C variance are cal cul ated and saved in a data file. This program
C inplenents the pol y-exponential GSC nodel .
C. The program conducts the foll ow ng steps:
C *Reads in the set of data used for kriging
C *Assigns a kriging node (Sk)
C *Fi nds the nei ghborhood of data points around Sk
C *Deternmines the order of intrinsity of the nei ghborhood
C *Determ nes the form and coeffl ent values for the GSC-v
C *Cal cul ates the kriging point estimate
C *Cal cul ates the estinmation error vari ance
C *Repeats the above steps for all points in the grid
$SLARGE
$DEBUG
| MPLI CI' T REAL*8 (A-H, 0-2)
C.... Set the run paraneters for the diagnostic test runs.

PARAMETER (Ndat a=75, Nhood=13)
PARAMETER (Nnx=151, Nny=26, X0=0.dO, Yo0=0.02dO)
PARAMETER (dX=0. 01dO, dY=0.01dO)

PARAMETER ( MAXdat =100, MAXnhd=20)
REAL*8 Dat a( MAXdat, 3), Subl (MAXnhd, 3),
& Radi i (MAXnhd, MAXnhd) , Akn{ MAXnhd+6, MAXnhd+6) ,
& Bkv( MAXnhd+6), Bkvdup(MAXnhd+6), Xvect ( MAXnhd+6)

COVMON ncvg, icvg 1Bl ock based in main prgm
COVMMON / Serch/ ibul, ispot |IBlock based in main prgm
| NTEGER*2 ncvg, icvg, ibul, ispot

OPEN (10,File="b:\soilwtr2.txt', | OSTAT=i ol O
OPEN (20, File='"b:\trashl . ou®, | OSTAT=i 020)
OPEN (25, File="b:\trash2. out', | OSTAT=i 025)
OPEN (30, File="b:\trash3. out', | OSTAT=i 030)

WRI TE (*,+(4(2x,i5))) iol O io020, io025, i030
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C.... Read the input data set fromthe specified disk file.
READ (10,*) (idunb, Data(i,l), Data(i,2), Data(i,3), i=l,Ndata)
WRI TE (*, 2020) (Data(l,!), Data(l,2), Data(l,3), I=l,Ndata)
2020 FORMAT (2(2x, f16.8), 2x, f 10. 3)
C.... Initialize sone val ues and execute the nmain body of the program
t he
C | oop which iterates through the grid of kriging nodes.
ncvg=0
Nn=Nnx* Nny
Ncur nt =I
Ysk=Yo
DO | ny=l, Nny
Xsk=Xo
DO | nx=Il , Nnx
icvg=l !"lI"=converged GSC coeffs; "0"=non-converged
i bul =0 '"0"=no bull seye; "I"=bull seye
VWRI TE (*, 1390) Ncurnt, Nn, ncvg
WRI TE (30, 1090) Ncurnt, Nn, ncvg
1090 FORMVAT (' Processing node ',14,' of ',14,' : Ncvg ="', 14)
CALL Search (Ndata, Nhood, Dat a, Xsk, ysk, Subl)
CALL Rmatrx (Nhood, Xsk, ysk, Subl , Radi i)
CALL Intrin (Nhood, Subl, Nu)
CALL CovFnc (Nhood, Nu, Subl , Radi i, b)
Co. Now t he order and coefficient of the EGSC-v have been found

C for the current kriging node (Xsk, Ysk). The Kkri gi ng poi nt
C estimate and estimati on error vari ance can now be

det er mi ned.

IF (ibul .EQ 1) THEN 1li bul =I indicates a bullseye

Est =Dat a(i spot, 3) Jispot is data pt wh/has been
bul | seyed

Err =0. dO

ELSE | F (ibul .EQ 0) THEN
I ext =l al pha( Nu)
CALL Knmatrx (Nnhood, | ext, Nu, b, " Exp', Subl , Akn)
CALL Kvectr (Nhood, I ext, Nu, Xsk, Ysk, b, ' Exp', Subl , Bkv)
DO n¥l , Nnood+6

Bkvdup(m =Bkv(m) ! Copy the original Bnu()
END DO
Ne=Nhood+I| ext
CALL Sol v&@ (Akm Ne, 26, Bkvdup, |, 1)
DO ko=l , Ne
Xvect (ko) =Bkvdup( ko)

END DO
CALL Estmat (Nhood, Subl, Xvect, Est)
CALL EstErr (Nhood, | ext, Nu, b, Xvect, Bkv, Err)

END | F

WRI TE (20, 2000) Xsk, Ysk, Est, Err, Nu, b

2000 FORMAT (2(f12.7,2x),2(el5.7,2x),il,2x,el5.7)
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IF (icvg ,EQ 0) THEN
WRI TE (25, 2010) I nx, I ny, Xsk, Ysk
2010 FORMAT (2(2x,14),2(2x,f12.2))

END | F

Ncur nt =Ncur nt +I
Xsk=Xsk+dX
END DO

ysk=Ysk+dY
END DO

WRI TE (20,'(a,14)"') 'Nunber of GSC nodels not converging:', ncvg
WRITE (25,"'(a,i4)"') 'Nunber of GSC nodels not converging:', ncvg

STOP
END

[ R R R

SUBROUTI NE Search ( Ndat a, Nnood, Dat a, Xsk, Ysk, Subl )

IMPLICI T REAL*8 (A-H, 0-2)

PARAVETER ( MAXdat =100, MAXnhd=20)

REAL*8 Dat a( MAXdat, 3), Radi us(MAXdat), Subl (MAXnhd, 3)
| NTEGER* 4 | or der ( MAXdat )

COVMON / Serch/ i bul, ispot 1Bl ock based in main prgm
| NTEGER*2 i bul, ispot

C Cal cul ate the distance between the data points and Sk.
DO 1=1, Ndat a
Radi us(1)=Di st(Data(l,!|),Data(l, 2), Xsk, Ysk)
I order (1) =l
END DO

C Sort the Nhood+l smallest values in Radius(), |eaving the rest
unsort ed.

C Al though there are only Nhood points to conprising the nei ghborhood,
Cextra value is sorted in the event that there is a "bullseye" and the
C cl osest point cannot be used.
DO 1=1, Nhood+1
DO J=I +1, Ndat a
I F (Radius(J) .LT. Radius(l)) THEN
CALL RSwap(Radi us(1), Radi us(J))

CALL | Swap(lorder(l),lorder(J))
END | F

END DO
END DO

C Check for a bullseye in the smallest radius value, ie the 1st array
el em

| F (Radius(1) .EQ O dO THEN

i bul =l !'"0"=no bull seye; "I "=bull seye
istep=l !'"I"=don't include 1st data pt. in nhood
i spot =l order(I) Ithis is the index # of bullseyed data pt.
ELSE
i step=0 !"0"=i nclude 1st data pt. in nhood
END | F

C Now set the values of Subl() to the appropriate values from Data().
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DO | =l , Nhood
Subl (1, 1) =Dat a(| order (1 +i step), 1)
Subl (1, 2) =Dat a(| order (1 +i step), 2)
Subl (1, 3) =Dat a(| order (1 +i step), 3)

END DO

RETURN
END

SUBROUTI NE RSwap (argl, arg2)

I MPLICI T REAL*8 (A-H, 0-2)

tenp=arg
ar gl =arg2
arg2=tenp
RETURN

G0
SUBROUTI NE | Swap (iargl,iarg2)

I MPLICI T I NTEGER*4 (I-N)

i tenmp=i ar gl
iargl =i arg2
iarg2=itenp
RETURN

END

Qc*****************************************************************

SUBROUTI NE Rmatrx (Nhood, Xsk, Ysk, Dat aset, Radi i)

IMPLICI T REAL*8 (A-H, 0-2)
PARAVETER ( MAXnhd=20)
REAL* 8 Dat aset ( MAXnhd, 3), Radii ( MAXnhd, MAXnhd)

C STEP 1. Calculate the distances between the points in Dataset and
Cthe central node Sk. Store these values on the diagonal of Radii()

DO | =1, Nhood
r=Di st ( Xsk, Ysk, Dataset (I,!|), Dataset (I, 2))
Radii (I,1)=r

END DO

C STEP 2. Calculate the distances between all pairs of points in
Dat aset () .

C Note that corresponding entries in the upper and | ower triangle of
Cthe matrix are equival ent.

DO | =l , Nhood- |
DO J=I +1 , Nhood
r=Di st (Dataset (1, 1), Dataset (1, 2),
& Dataset (J, 1), Dat aset (J, 2)_|_) ]
ri

Radligl,ngr I Upper angle Entries
angl e Entri es

Radii (J,1)=r | Lower Tri
rJdar - [ —— -
END DO
RETURN
END
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Q\‘*****************************************************************

SUBROUTI NE I ntrin (Nhood, Subl, Nu)

IMPLICI T REAL*8 (A-H, 0-2)
PARAMETER ( MAXnhd=20)
REAL*8 Subl (MAXnhd, 3), Sub2(MAXnhd, 3), Diff(0:2),
& Anu( MMXnhd+ 6, MAXnhd+6), Bnu( MAXnhd+6), Xnu(MAXnhd+6)
| NTEGER* 4 | r ank{ MAXnhd, 0: 2)

Nh=Nhood- | ! Nhis the # of points in Sub2().

DO 1=1, Nhood
CALL Renove (Nhood, I, Subl, Sub2)

DO | nu=0, 2 . .
I al fa=l al pha(l nu) | Determine the spatial polynom buffer
CALL Kmatrx (Nh,lalfa,lnu,0.dQ 'Lin', Sub2, Anu)
CALL Kvectr (Nh,lalfa,lnu,Subl(l,1), Subl(l,?2),
& O.dO " Lin , Sub2, Bnu)
Ne=Nh+l al f a
CALL Sol v& (Anu, Ne, 26, Bnu, 1, 1)
DO ko=l , Ne

Xnu( ko) =Bnu( ko)
END DO

CALL Estnmat (Nh, Sub2, Xnu, Est)
Di ff(Inu)=ABS(Est-Subl (I, 3)) iCalc the error in Est

END DO

CALL Rank (I,Diff,Irank)

END DO

CALL Set Nu (Nhood, I rank, Nu)

RETURN
END

SUBROUTI NE Renpove (Nhood, | ndexPt, Subl , Sub2)

| MPLI O T REAL*8 (A-H, 0-2)
PARAMVETER ( MAXnhd=20)
REAL*8 Subl (MAXnhd, 3), Sub2( MAXnhd, 3)

IF (I ndexPt .EQ 1) THEN
DO 1=2, Nhood
Sub2(I-1,1)=Subl (I, 1)
Sub2(I-1,2)=Subl (I, 2)
Sub2(1-1, 3)=Subl (1, 3)
END DO
ELSE
Sub2( | ndexPt -1, 1) =Subl (I ndexPt -1, 1)
Sub2( | ndexPt - 1, 2) =Subl (| ndexPt - 1, 2)
Sub2( 1 ndexPt - 1, 3) =Subl (I ndexPt -1, 3)

END I F

RETURN
END

Page B-5


NEATPAGEINFO:id=979C52E5-D8D9-4548-BB63-D4A9AAE15B37


Appendi x B:
Source Code for Poly-Exponential GSC

SUBROUTI NE Rank (I point,Diff,Irank)

IMPLICI T REAL*8 (A-H, 0-2)

PARAVETER ( MAXnhd=20)

REAL*8 Di ff (0: 2)

| NTEGER*4 | rank( MAXnhd, 0: 2), lorder{0: 2)

Initialize the array lorder().
I order{0)=0
lorder (1) =l
| order (2)=2

Sort the estimation error variances in increasing order
DO 1=0, 2
DO J=1+1, 2
IF (Diff(J) .LT. Diff(l)) THEN
CALL Rswap (Diff(1),Diff(J))
CALL Iswap (lorder(l),lorder(J))
END | F
END DO
END DO

Assign ranks according to the sorted variance val ues.

I rank( 1l point, | order (O

I rank( 1l point, | order(l)
)

th
=1
=2
I rank(1l point,lorder(2))=3

)
)
)

RETURN
END

SUBROUTI NE Set Nu ( Nhood, I rank, Nu)

I MPLICI T REAL*8 (A-H, 0-2)
PARAVETER ( MAXnhd=20)
| NTEGER*4 | r ank( MAXnhd, 0: 2)

C Initialize the sunmmati on vari abl es.
I suno=0
| sum =0
I sunk=0

C Add up the rank values for order of intrinsity.
DO 1=1, Nhood
I sumO=l sumO+H rank( 1, 0)
I sum =l sum +lrank(1, 1)

| sum2=l sunk+l rank(1, 2)
END DO

C Test if two or nore of the rank sums are equal and smaller than
C the other rank sum If so, then assign v subjectively to the
C snmullest possible order.

IF ((I'sum® .EQ Isum) .AND. (lsumO .LT. Isun2)) THEN

Nu=0
RETURN

ELSE I F ((IsunD .EQ Isun) .AND. (IsumO .LT. Isum)) THEN
Nu=0

RETURN

ELSE IFI((Isum .EQ Isun2) .AND. (Isum .LT. IsunO) THEN
Nu=

RETURN
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ELSE IF ((IsunD .EQ Isum) .AND. (IsumD.EQ IsunR)) THEN

Nu=0
RETURN
END | F

C Determ ne which rank sumis the |lowest and set Nu to its corre-
C spending order of intrinsity.

M nsumeM N{ | sun©O, | sum , | sun)

IF (Mnsum.EQ |sun0 THEN
Nu=0

ELSE IF (M nsum.EQ |Isuni) THEN
Nu=

ELSE | F (M nsum . EQ |sun2) THEN
Nu=2

END | F

RETURN
END

Q( Rk R I b S S S S R R I S S R R S I S S R R R S S R I

C. This routine determnes the value of the exponential GSC coeff
C b by a Newton- Raphson algorithmto find the mnimum val ue of
Ct .

he function F wt

SUBROUTI NE CovFnc ( Nhood, Nu, Subl , Radi i, bfi nal)

I MPLICI T REAL*8 (A-H, 0-2)
PARAVETER ( MAXnhd=20)

REAL*8 Subl ( MAXnhd, 3), Radi i (MAXnhd, MAXnhd)
LOG CAL check

COVMON ncvg, icvg !Based in nain program
| NTEGER*2 ncvg, icvg

C.... Assign an initial guess for b.

PARAMETER (bO=l . dO)

C.... Cal | the subroutine newt which finds a root to the dF/ db=0 equation

C by a glogal | y-convergent Newton's mathod The method i s adapted
C fromPress, et al (1992).

b=bO

CALL new z( Nhood, Nu, Radi i, Subl, b, 1, check)
WRITE (*,*) 'Passed newz.'
bf i nal =b

RETURN

END
Q\— EE R S S S S S S S I R S R S I I I S S *

SUBRQOUTI NE newt z( Nhood, Nu, Radi i, Subl , x, n, check)

I NTEGER n, nn, NP, MAXI TS

LOd CAL check

DOUBLE PRECI SI ON x(n), fvec, TOLF, TOLM N, TOLX, STPMX

PARAMETER ( NP=40, MAXI TS=120, TOLF=Il . d- 4, TOLM N=I . d- 6, TOLX=I . d- 7,
& STPMX=100. dO, MAXnhd=20)

COVMON / newt v/ fvec(NP), nn

SAVE / newt v/

INTEGER i,its,j,indx(NP)
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DOUBLE PRECI SION d, den, f, f ol d, st pmax, sum t enp, t est, fj ac( NP, NP)
& g(NP), p(NP), xol d(NP), fm nz, W Set ( MAXnhd, MAXnhd) ,

& Radi i ( MAXnhd, MAXnhd) , Subl ( MAXnhd, 3)
EXTERNAL fm nz

CALL NewM! s( Nhood, Nu, Subl , x, W Set )
WRI TE (*,*) 'Passed NewA's.' 6 W Set(1,1),W Set(1,2)

f =f mi nz( Nhood, Nu, W Set , Radi i , Subl , x)
WRITE (*,*) 'Passed fmnz.', f
t est =0.
do 11 i=l,n
i f(abs(fvec(i)).gt.test)test=abs(fvec(i))
11 conti nue
if(test.It..O01*TOLF)return
sun¥0.
do 12 i=l,n
sunmEsumEx (i) **2
12 conti nue
st pmax=STPMX* max(sqrt (sum, fl oat (n))
do 21 its=l, MAXITS

WRITE (*,' (i3,2x,f18.8)") its,x(l)

call anljac(Nhood, Nu, W Set, Radi i, Subl , x, fj ac)
WRI TE (*,*) 'Passed anljac?a, fjac(l,l),fjac(l,?2)

do 14 i=l,n
sune0.
do 13 j=I,n
sumesumtfjac(j,i)*fvec(j)
13 conti nue
g(i)=sum
14 conti nue
do 15 i=l,n
xol d(i)=x(i)
15 conti nue
f ol d=f
do 16 i=l,n
p(i)=-fvec(i)
16 conti nue
call ludcnp(fjac, n, NP, indx, d)
WRI TE (*,*) 'Passed | udcnp.
call I ubksb(fjac,n, NP, indx, p)
WRI TE (*,*) 'Passed | ubkshb.

call linez(n,xold,fold,g,p,x,f,stpnax, check, fm nz)
WRI TE (*,*) 'Passed |linez.'

t est =0.

do 17 i=l,n

i f(abs(fvec(i)).gt.test)test=abs(fvec(i))

17 conti nue
if(test.lt.TOLF)then

check=. f al se.
return
endi f
i f(check)then
t est =0.
den=max(f,.5*n)
do 18 i=l,n
tenp=abs(g(i))*max(abs(x(i)), 1.)/den
if(tenp.gt.test)test=tenp
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18 conti nue

if(test.It. TOLM N)t hen

check=. true.
el se
check=. f al se
endi f
return
endi f
t est =0.
do 19 i=l,n
tenmp=(abs(x(i)-xold(i)))/max(abs(x(i)),1.)
if(tenp.gt.test)test=tenp

19 conti nue

21

11

12

13

14

if(test.It. TOLX)return
conti nue

pause ' MAXI TS exceeded in newt'
END

) Copr. 1986-92 Numerical Recipes §*f* war e

R I S L S O R S S S R * k k Kk

e

* %

72,

* R S S O R

SUBRQUTI NE 1i nez(n, xol d, fold,g, p, x, f, st pmax, check, func)

| MPLICI T DOUBLE PRECI SI ON (A-H, 0, 2)
I NTEGER n

LOGd CAL check
DOUBLE PRECI SION f,fold, St prrax g(n), p(n), x{n), xol d(n),
& func, ALF, TOLX

PARAMETER (ALF 1.d-4, TOLX=l . d-7)
EXTERNAL f unc

USES f unc

| NTEGER i

DOUBLE PRECI SI ON a, al am al an®, al ani n, b, di sc, f2, fol d2, rhsl,
& rhs2, sl ope, sumtenp, test, t npl am

check=. f al se.
sun¥0.
do 11 i=l,n
sumesumtp(i ) *p(i)
conti nue

sunFsqgrt (sum
i f(sum gt.stpnmax)then
do 12 i=l,n
p(i)=p(i)*stpnax/sum
conti nue
endi f

sl ope=0.
do 13 i=l,n
sl ope=sl ope+g(i) *p{i)

conti nue

t est =0.
do 14 i=l,n
tenp=abs(p(i))/ max(abs(xol d(i)), 1.)
if(tenp.gt.test)test=tenp
conti nue
al am n=TOLX/ t est
al anel .
conti nue
do 15 i=l,n
X(i)=xol d(i)+al amrp(i)
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15 conti nue
f =func{x)
if(alamit.alamn)then
do 16 i=l,n
x(i)=xol d(i)
16 conti nue
check=. tr ue.
return

else if (f. le. f ol d+ALF*al ai n*sl ope) then
return

el se
if(alameq.l.)then
t mpl ai n=-sl ope/ (2 .*(f-fold-slope))
el se
r hsl =f - f ol d- al an¥ sl ope
r hs2=f 2-f ol d2- al anR* sl ope
a=(rhsl/alam*2-rhs2/al ank**2)/ (al am al anR)
b=(-al am2*r hsl / al ant*2+al antrhs2/ al ank**2)/ (al ai n- al anR)
if(a.eq.0O)then
t mpl ame- sl ope/ (2. *b)
el se
di sc=b*b- 3. *a*sl ope
t mpl ame(-b+sqrt (disc))/(3.*a)
endi f
if (trplamgt.. 5*alamtnplain=. 5*alain
endi f
endi f
al ank=al am
f 2=f
fol d2=fol d
al anenmax(t npl am . | *al am
goto 1
END

C (C Copr. 1986-92 Nunerical Recipes Software #4-UZzZ2.

Chr*rhkhkkkhkhkhhhkhhkkkkkkkhkhkh kA Ak k ok ok ok ok ok k ok hhk ok ok ok ok ok ok kk ok k ok k ko k ok ok kkok ok k ok ok ok kkkk*

C.... Thi s subroutine solves the value of the function f(b) given b.
SUBROUTI NE f uncf b( Nhood, Nu, W Set, Radi i , Subl , b, f b)

| MPLI CI T DOUBLE PRECI SI ON ( A-H, 0-2)

PARAVETER ( MAXnhd=20)

DOUBLE PREC!I S| ON Subl ( MAXnhd, 3), Radi i (MAXnhd, MAXnhd) ,
& W Set ( MAXNnhd, MAXNnhd)

Sum=0. dO

DO i =l , Nnood
Yval =Yqgi (Nhood, i , W Set, Subl )
Aval =Ai (Nhood, i, Nu, W Set , Radi i, b)
dl Aval =dl Ai (Nhood, i, Nu, W Set, Radi i, b)

fbi =(yval **2- Aval ) *(-1)*dl Ava
Sum=Sumtf bi
END DO

f b=2. dO* Sum

C.... Add the ternms of the penalty function.
f b=f b+(-0. 001dQ b**2)

RETURN
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END

Qc*****************************************************************

C.... Thi s subroutine solves the value of the function df/db given b.
SUBRQUTI NE anl j ac( Nhood, Nu, W Set, Radi i, Subl , b, dl f B)

| MPLI CI T DOUBLE PRECI SI ON ( A- H, 0- Z)

PARAVETER { MAXnhd=20)

DOUBLE PRECI SI ON Subl ( MAXnhd, 3), Radi i ( MAXnhd, MAXnhd) ,
& W Set ( MAXNnhd, MAXNnhd)

Sum=0. dO

DO i =l , Nhood
yval =Yqi ( Nhood, i , W Set , Subl )
Aval =Ai (Nhood, i, Nu, W Set, Radi i, b)
dl Aval =dIl Ai (Nhood, i, Nu, W Set , Radi i, b)
d2Aval =d2Ai (Nhood, i , Nu, W Set , Radi i , b)

dl fbi =((Yval **2- Aval ) *(- 1) *d2Aval ) - ((- 1) *dI Aval **2)
SunESum+dl f bi

END DO

dl f b=2. dO* Sum

C.... Add the ternms of the penalty function.
dl f b=dl f b+( 0. 002dQ b** 3)
RETURN
END

Q\-*****************************************************************

FUNCTI ON f m nz( Nhood, Nu, W Set , Radi i , Subl , X)

| MPLI CI T DOUBLE PRECI SI ON (A-H, 0, Z)

I NTEGER n, NP

DOUBLE PRECI SI ON fm nz, x(*), fvec

PARAMVETER ( NP=40, MAXnhd=20)

DOUBLE PRECI SI ON Subl ( MAXnhd, 3), Radi i ( MAXnhd, MAXnhd) ,
Si W Set ( MAXnhd, MAXnhd)

COMVON / newt v/ fvec(NP), n

SAVE / newt v/
CU. ... USES funcv

| NTEGER i
REAL sum

cal |l funcfb{Nhood, Nu, W Set, Radi i , Subl , x, fvec)

sum=0.
do 11 i=l,n
sunmrsumtf vec(i ) **2
11 conti nue

fm Nnz=0. 5*sum

RETURN
END

C (©C Copr. 1986-92 Nunerical Recipes Software #4-UZ2.

Q> *dddkkkkdkkdhdkhhkhk ok hrdhdhdkhdrhhhrdhdhh kb bk ko kh bk dkdh kb kd ok kkkkkr*x

SUBRQUTI NE | udcnp{ a, n, np, i ndx, d)
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| MPLI CI' T DOUBLE PRECI SI ON (A-H, 0, 2)

I NTEGER n, np, i ndx(n), NMAX
DOUBLE PRECI SI ON d, a(np, np), TI Ny
PARAMETER ( NMAX=500, Tl NY=1. Ce- 20)
I NTEGER i,imax,j, k
DOUBLE PRECI SI ON aamax, dum sum vv( NVAX)
d=lI .
do 12 i=l,n
aamax=0.
do 11 j=I,n
if (abs(a(i,j)).gt.aamax) aamax=abs(a(i,j))
11 conti nue
if (aamax.eq. O ) pause 'singular matrix in |udcnp'
vv(i)=l./aanmax
12 conti nue
do 19 j=I,n
do 14 i=l,j-I
sumra(i,j)
do 13 k=I,i-1I
sumesuma(i, k) *a(k,j)
13 conti nue
a(i,j)=sum
14 conti nue
aai nax=0.

do 16 i=j,n
sunmra(ilj)
do 15 k=I,j-1

sumrsum a(i, k) *a(k,j)
15 conti nue
a(i,j)=sum
dunrvv(i)* abs(sum
if (dum ge.aamax) then
I max=i
aamax=dum
endi f
16 conti nue
if (j.ne.imax)then
do 17 k=Il,n
dunmFa(i max, k)
a(i max, k) =a(j, k)
a(j/k)=dum
17 conti nue
d=-d
vv(i max)=vv(j)
endi f
i ndx(j) =i max
if(a(j,j).eq.0)a(j,j)=TINY
if(j.ne.n)then
dumel . /a(j,j)
do 18 i=j+l,n
a{i,j)=a(i,j)*dum
18 conti nue
endi f
19 conti nue
return
END

Copr. 1986-92 Numerical Recipes Software #4-UZ2.

Ck*ig*)************************************ **ﬂ>|******* R SR I S S O

SUBROQUTI NE | ubksb(a, n, np, i ndx, b)
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| MPLICI' T DOUBLE PRECI SION {A-H, 0, 2)

I NTEGER n, np, i ndx(n)
DOUBLE PRECI SI ON a( np, np), b(n)
I NTEGER i,ii,j,II
DOUBLE PRECI SI ON sum
ii =0
do 12 i=l,n
'l =i ndx{i)
suneb(11)
b(l11)=b(i)
if (ii.ne.Othen
do 11 j=ii,i-I
sumesuma(i,j)*b(j)
11 conti nue
else if (sumne.Q) then
1=l
endi f
b(i)=sum
12 conti nue
do 14 i=n,1, -1
sumeb(i)
do 13 j=i+l,n
sumesuma(i,j)*b(j)
13 conti nue
b(i)=sunfa(i,i)
14 conti nue
return
END

C QC) Copr. 1986-92 Nureri cal
Ck* *

R S R S O I R S S L

eCl EeS

* k k k% * *

C. This function subprogram cal cul ates the value of the spatial increment
C for a given point i renoved fromthe nei ghborhood.

FUNCTI ON Ygi (Nhood, I row, W Set , Dat a)

IMPLICI T REAL*8 (A-H, 0-2)
PARAVETER ( MAXnhd=20)
REAL*8 W Set ( MAXnhd, MAXnhd) , Dat a( MAXnhd, 3)

Sum=0. dO

DO M=l , Nhood

SumeSumt+tW Set (1 row, M) *Dat a(M 3)
END DO

Yqi =Sum

RETURN

END
Ck*****************************************************************

C. This function cal cul ates the expected value of the square of the
spati al . . , . .
C increnent, ie the square of the estimation error for the point i
r enoved
C fromthe nei ghborhood.

FUNCTI ON Ai  ( Nhood, I row, Nu, W Set, Radi i, b)

| MPLI CI T REAL*8 (A-H, 0-2)
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PARAMVETER ( MAXnhd=20)
REAL*8 W Set ( MAXnhd, MAXnhd), Radi i ( MAXnhd, MAXnhd)

Sunm=0. dO

DO n¥l , Nhood
DO n=I , Nhood
IF (n .EQ m THEN
rl ag=0. dO
ELSE
rl ag=Radii (m n)
END | F
covar =ExpGSC( Nu, b, rl ag)
Term=W Set (1 row, m *W Set (I row, n) *covar
SunESunmtTer m
END DO
END DO

Ai =Sum

RETURN
END

C. This function calculates the first derivative of expected value of the
C square of the spatial increment, ie the square of the estimation error

f or

C the point i renoved fromthe nei ghborhood.
FUNCTI ON dl Al (Nhood, | row, Nu, W Set , Radi i , b)

I MPLICI T REAL*8 (A-H, 0-2)
PARAMETER ( MAXnhd=20)
REAL*8 W Set ( MAXnhd, MAXnhd), Radi i ( MAXnhd, MAXnhd)

Sum=0. dO

DO n¥l , Nhood
DO n=I, Nhood

IF (n .EQ m THEN
rl ag=0.dO

ELSE
rl ag=Radii {m n)

END | F

dl cov=dl EGSC( Nu, b, rl ag)

Term=W Set (I row, m) *W Set (I row, n) *dl cov

Sun=Sunmt+Ter m
END DO
END DO

dl Ai =Sum

RETURN

END
Q\-*****************************************************************
C. This function cal cul ates the second derivative of expected val ue of the
C square of the spatial increment for the case of Nu=0.

FUNCTI ON d2Ai (Nnood, I row, Nu, W Set , Radi i, b)
| MPLICI T REAL*8 (A-H, 0-2)

PARAMETER ( MAXnhd=20)
REAL*8 W Set ( MAXnhd, MAXnhd) , Radii (MAXnhd, MAXnhd)
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Sum=0. dO

DO n=l , Nhood
DO n=l , Nhood

IF (n .EQ n) THEN
rl ag=0.dO

ELSE
rl ag=Radi i (m n)

END | F

Co.. Det ermi ne which formof the 2nd derivative EGC to call.

IF (Nu . EQ 0) THEN
d2cov=d2EGCO( b, rl ag)

ELSE IF (Nu . EQ 1) THEN
d2cov=d2ECC { b, r| ag)

ELSE IF (Nu . EQ 2) THEN
d2cov=d2EGC2( b, r| ag)

END | F
Co.. Cal cul ate the value for the current term
Term=W Set (I row, m) *W Set (1 row, n) *d2cov

SunESumtTer m
END DO
END DO

d2Ai =Sum

RETURN

END
Q:*****************************************************************

C. This function cal culates the value of the linear formof the
C polynomial GSC for given values of CO and rl ag.

FUNCTION Gsd in (CO rl ag)

| MPLI CI T REAL*8 (A-H, 0-2)
GSdAd in=(-1.dO *COrl ag

RETURN
END
Qc*****************************************************************

C. This function subprogram cal cul ates the val ue of the exponentia
C formof the GSC-v function given the values of Nu, b, and rlag.

FUNCTI ON ExpGSC (Nu, b, rl ag)
| MPLICI T REAL*8 (A-H, 0-2)

p=b*rl ag

n=2* Nu-+l

sunm=0. dO

DO i =0, n
fectrl=Factrl (i)

sumesumt((-p)**i/fctrl)
END DO

Term =((-1.d0)**(Nu+l))/(b**(n+l)*DEXP(p))
Term2=1. dO DEXP(p)* sum
ExpGSC=Ter nl * Ter n2

RETURN

S
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FUNCTI ON Factrl (n)
I MPLICI T REAL*8 (A-H, 0-2)

Ter n=l . dO
DO i=Il,n

Ter m=Ter m* DBLE( i )
END DO

Factrl =Term

RETURN
END

C. This function subFrogran1caIcuIates the value of the first derivative
C of the exponential GSC function using a general form (ie one that can
C be used for any value of Nu). Values of Nu, b, and rlag are passed
Cto the subprogramfromthe calling nodul e.

FUNCTI ON dl EGSC(Nu, b, r | ag)
| MPLICI T REAL*8 {A-H, 0-2)

n=2* Nu+lI

p=2. dO* DBLE( Nu) +2. do
sum =0. dO

sunk=0. dO
DO i =0, n

C........ Cal cul ate the first sunmmation term
fctrl=Factrl (i)
term =(-b*rlag)**i/fctrl

sum =sum +term

C........ Cal cul ate the second sunmation term

terme=((-1.dQ**(i-1))*DBLE(i)*(rlag**i)*(b**(i-1))/fetrl

sunk=sunk+t er

END DO

termB=(-1.dO**(Nu+2)/ (b**p)
termd=(p/ b)*( DEXP(-b*rl ag) - sum )
t er mb=r | ag* DEXP( - b*r | ag) - sun®

dl EGSC=t er nB*(t er nd+t er nb)
RETURN

END

(Sl e e e R R

C. This function subprogram cal cul ates the value of the second derivative
C of the expontential GSC for the case Nu=0. Values of b, and rlag
C are passed in fromthe calling nodule.

FUNCTI ON d2EGCO( b, r | ag)

| MPLICI T REAL*8 (A-H, 0-2)

p=b*rl ag
ep=DEXP( p)

term =(-6.d0)/ (ep*b**4)
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term2=(-4.d0*r| ag)/ (ep*b**3)

t er nB=6. dO/ b**4
termi=(-2.d0*rl ag)/ b**3
ternb=(-1.dO *(rlag**2)/ (ep*b**2)

d2EGCO=t er nl +t er n2+t er nB+t er nd+t er nb

RETURN
END
Q\'*** R R S O RO O S S O O S R *****************ic***ie*ic******l<***
C. This function subprogram cal cul ates the value of the second derivative
C of the expontential GSC for the case Nu=l. Values of b, and rlag
C are passed in fromthe calling nodule.

FUNCTI ON d2EGO (b, rl ag)
| MPLICI T REAL*8 (A-H, 0-2)

p=b*rl ag
ep=DEXP( p)

term =20. dQ (ep*b**6)
tern2=(8.d0*rl ag)/ (ep*b**5)
termB={rlag**2)/ (ep*b**4)
termi=(-20.dO/b**6
termb=(12.dOrl ag)/ b**5
ternb=(-3.d0*rlag**2)/ b**4
ternmv=rl ag**3/ (3. dO*b**3)

d2ECGO =t er nl +t er n2+t er nB+t er md+t er nb+t er N6+t er N/

RETURN

END
o AR EEEEE A EEEEEAEEEEEEEE SRR EREEEEEEEEE ARl

C. This function subprogram cal cul ates the value of the second derivative
C of the expontential GSC for the case Nu=2. Values of b, and rlag
C are passed in fromthe calling nodul e.

FUNCTI ON d2EGC2( b, rl ag)
| MPLICI T REAL*8 (A-H, 0-2)

p=b*rl ag
ep=DEXP( p)

term =(-42.d0O)/{ep*b**8)
term2=(-12.dOrl ag)/ {ep*b**7)
term8=(-1.dO) *(rlag**2)/ (ep*b**6)
ternd=42. dO/ b**8
ternb=(-30.dOrlag)/ b**7
ternb=(10.dOrl ag**2)/ b**6
ternv=(-2.d0*rlag**3)/ b**5
ternB=rlag**4/ (4. d0*b**4)
termd={-1.d0)*(rlag**5)/(60. d0*b**3)

d2EGC2=t er nl +t er n2+t er nB+t er M4+t er nb+t er 6+t er N7+t er nB+t er nd®

RETURN

END
Cr** hhhhhkhkhhkhhhhhkkhkhkhkhhhhhkkhhkhkhhhhkkhkhkkhhkhhkkhkkkhk ok ok kkk ok k ok ok kkkkx*x

SUBROUTI NE Per nChk (b, Fl ag)
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| MPLICI T REAL*8 (A-H, 0-2)
CHARACTER*4 Fl ag

Pl ag=' Pass'

IF (b .LE. OdO THEN
Fl ag=' Fai | '
RETURN

END | F

RETURN

END
Qc*****************************************************************

SUBROUTI NE NewMt s ( Nnhood, Nu, Subl , b, W Set )

IMPLICI T REAL*8 (A-H, 0-2)
PARAMETER ( MAXdat =100, MAXnhd=20)
REAL*8 Subl (MAXnhd, 3), Sub2( MAXrihd, 3), W Set ( MAXnhd, MAXnhd) ,

& Ak( nhd+6, nhd+6) Bk( MAXnhd+6), Xk( MAXnhd+6)
C.... Assign sone initial values to |ocal variables.
Il\lglszahlogld-l INn will be the # of points in SubZ(R
=| al pha( Nu) [Determ ne the spatial nonomal buffer
C.... Now, construct the matrix of kriging weights using the exponential

C GSC passed in by the value of b.

DO i =l , Nhood
CALL Renove (Nnhood, i, Subl, Sub2)
CALL Kmat rxé Nh, l'al fa, Nu, b, ' Exp", Sub2, Ake'
CALL Kvectr(Nh,lalfa, Nu, Subl (i,1) ,Subl(i,2),b,"Exp', Sub2, Bk)

Ne=Nh+l al f a
CALL Sol vG&) (Ak, Ne, 26, Bk, |, 1)
DO ko=l , Ne

Xk ( ko) =Bk ( ko)
END DO

DO j =l , Nhood
IF (j .LT, i) THEN
W Set (i,])=Xk(j)
ELSE IF (j .EQ i) THEN
W Set(i,j)=-1.dO
ELSE IF (j .GT. i) THEN
W Set (i,j)=xk(j-1)
END | F
END DO
END DO

RETURN

END
khkkkhhkhkh *hkhkhkhhhkhhhhhhhddddhhhdhdhhhhdddhhhdddhdhhhddrdhhdhddrrhhdrrrrdx*x

C. This function calculates the relative error between two scal ar
C val ues Xnew and Xol d.

FUNCTI ON Rel di f ( Xnew, Xol d)

| MPLICI T REAL*8 (A-H,0-Z .
val ue=ABS( ( Xnew Xol d)/Xnevv) | Rel ative Err, Eg6.46 Numeth
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Rel di f =val ue

RETURN
END

c..This function calcs the value of Eta for each of the exponential GSC
Cto be used in the estinmation systemand error variance cal cul ation.

FUNCTI ON Et aVal ( Nhood, Nu, Subl , Radi i, b)

I MPLI CI T REAL*8 (A-H, 0-2)
PARAVETER { MAXnhd=20)
REAL*8 Subl (MAXnhd, 3), W Set ( MAXnhd, MAXnhd)

CALL NewW s ( Nhood, Nu, Subl , b, W Set)
ysum=0. dO
Asum=0. dO

DO i =l , Nhood
yval =yqi (Nhood, i , W Set , Subl )
Aval =Ai (Nnhood, i, Nu, W Set, Radi i, b)
YsunFysumtryval**2
AsunFAsunmt+Aval
END DO

Et aVal =ysunf Asum

RETURN

END
Ck********************************************************* * kkkkkk*k

SUBROUTI NE Knat rx (Ndi m | ext, Nu, b, swi tch, Dat aset, AK)

I MPLI CI'T REAL*8 (A-H, O- 2 i
PARAVETER ( MAXnhd=20)
REAL*8 AK( MAXnhd+6, MAXnhd+6), Pol ynm( MAXnhd, 6) ,
Dat aset ( MAXnhd, 3)
CHARACTER*3 swi tch

C.. STEP 1: Cal cul ate the GSC core values of the K matrix. The nmatrix

C is symetric; therefore, redundant calculations are elimnated. An
C IF statement is used to check whether the calling nodul e needs

C values calced with the linear GSC (switch="Lin") or the

C exponential GSC {switch="Exp').

IF (switch .EQ 'Lin') THEN
CovO=0. dO
ELSE
CovO=ExpGSC( Nu, b, 0. dO
END | F

DO 1=1, Ndi m
AK(I , 1) =CovO ! D agonal Entri es

END DO

DO I =l , Ndi m |
DO J=I +l , Ndi m
r=Di st (Dataset(1, 1), Dataset (1, 2),
& Dat aset (J,1), Dat aset (J, 2))
IF (switch .EQ 'Lin') THEN
entry=GSdin(1.dO r)
ELSE
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ent r y=EXpGSC( Nu, b, r)

END IF

AK( I, ent rX ! Upper Triangle Entries

AK(J K(I, l'Lower Triangle Entries
END DO

END DO

C STEP 2: Calculate the spatial polynonmials and enter theminto
C the appropriate locations in the K matri x.
DO 1=1, Ndi m

Pol ynm(1,1)=I.dO

Pol ynn{( I, 2) =Dat aset (I, 1)

Pol ynn( 1, 3) =Dat aset ( 1, 2)

Pol ynn(1,4)=(Dataset (I,1))**2

Pol ynm( 1, 5) =Dat aset (1, 1) *Dat aset (1, 2)

Pol ynnm(1,6) = (Dataset(1,2))* *2

END DO
DO 1=1, Ndi m
DO J= I Iext
, J*Ndi m) =Pol ynn( 1, J I Upper Pol ynom al Bl ock
AK J+Nd| m 1) =Pol yn | Lower Pol ynom al Bl ock
END
END DO
C STEP 3: Fill in the zero bl ock of the K nmatri x.

DO | =Ndi m+l , Ndi m+l ext
DO J=Ndi m+l , Ndi m#+| ext
AK(I , J) =0. dO " Zer o Bl ock
END DO
END DO

RETURN
END

Q\‘*****************************************************************

SUBROUTI NE Kvectr (Ndimlext, Nu, Xsk, ysk, b, swi tch, Dat aset, BK)

| MPLICI T REAL*8 (A-H, 0-2)
PARAMETER ( MAXnhd=20)

REAL*8 BK( MAXnhd+6), Dataset (MAXnhd, 3), Pol ynn(6)
CHARACTER* 3 swi t ch

C STEP 1: Calculate the GSC segnent of the vector.
DO 1=1, Ndi m
r=Di st (Dataset (I,1), Dataset (I, 2), Xsk, ysk)
IF (switch .EQ 'Lin') THEN
entry=Gsd in(1,do,r)

ELSE
ent r y=EXpGSC( Nu, b, r)
END | F
BK(Il) =entry ! GSC Segnent

END DO

C STEP 2t Calculate the polynom al segnent of the vector.
Pol ynm(1)=I.dO
Pol ynm( 2) =Xsk
Pol ynm( 3) =Ysk
Pol ynn( 4) =Xsk** 2
Pol ynn( 5) =Xsk*ysk
Pol ynn( 6) =ysk**2
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DO I =l , | ext
BK( | +Ndi m) =Pol ynn( 1) | Pol ynom al Segnent

END DO

RETURN

END
khkkkkhhhkkhhhhhhhhkhhhhdhhhhhhkhhhhdhhhhdhhhhhdhhhhhdhhhdhddddhdd*x ** ***x*x%

C. . This subroutine solves the systemof |inear equations A*x=b by
C Gauss-Jordan elitmnation with full pivoting. The programoriginally
C cane from Nunerical Recipes (FORTRAN), 1992 edition.

SUBROUTI NE Sol v& (A N, NP, B, M MP)

| MPLICI T REAL*8 (A-H, 0-2)
PARAVETER ( NMAX=50)

DI MENSI ON A{ NP, NP) , B( NP, MP) , | PI V( NMAX) , | NDXR( NMAX) , | NDXC( NVAX)
DO 11 J=1, N
I PI'V(J)=0
11 CONTI NUE
DO 22 1=1, N
BI G=0.
DO 13 J=1, N
I F(1 PIV(J). NE. 1) THEN
DO 12 K=1, N
IF (IPIV(K).EQ O THEN
| F (ABS(A(J, K)). GE. Bl § THEN
Bl G=ABS( A(J, K))
I ROWEJ
I COL=K
END | F
ELSE I F (1 PIV(K).GT.|) THEN
PAUSE ' Si ngul ar nmatrix'

END | F
12 CONTI NUE
ENDI F
13 CONTI NUE
I PI'V(1COL) =1 Pl V(ICOL)+
I F (1 ROWNE. | COL) THEN
DO 14 L=1, N
DUMEA( | ROW L)
A(1 ROW L) =A(1 COL, L)
A(l COL, L) =DUM
14 CONTI NUE
DO 15 L=1, M
DUM=B{ | ROW L)
B(I ROW L) =B(1 CO., L)
B{1 COL, L) =DUM
15 CONTI NUE
ENDI F
I NDXR( 1)
| NDXC{ 1) . _
COL).EQ Q) PAUSE 'Singular matrix.'
caL, 1 coL)
.

DO 16 L=1, N
A(1 COL, L) =A(1 COL, L) *PI VI NV
16 CONTI NUE
DO 17 L=1, M
B(1 COL, L) =B(1 COL, L) * Pl VI NV
17 CONTI NUE
DO 21 LL=1, N
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| F(LL. NE. | COL) THEN
DUMEA( LL, | COL)
A(LL, | cOL) =0.
DO 18 L=1, N
A(LL, L) =A(LL, L) - A(I1 COL, L) * DUM
18 CONTI NUE
DO 19 L=1, M
B(LL, L) =B(LL, L)-B(1COL, L) * DUM
19 CONTI NUE
ENDI F
21 CONTI NUE
22 CONTI NUE
DO 24 L=N,1,-1
| F(1 NDXR( L) . NE. | NDXC( L) ) THEN
DO 23 K=1, N
DUMEA( K, | NDXR( L))
A(K, I NDXR( L)) =A(K, | NDXC(L))
A{ K, | NDXC( L)) =DUM
23 CONTI NUE
ENDI F
24 CONTI NUE
RETURN
END

Q\— R S S S S S O I R S S S I R I S S S *

SUBROUTI NE Est mat ( Ndi m Dat aset, W s, Est)

I MPLICI T REAL*8 (A-H, 0-2)
PARAVETER ( MAXnhd=20)
REAL* 8 Dat aset ( MAXnhd, 3) , W s( MAXnhd+6)

C Calculate the estimate at the point Sk.
Est =0. dO

DO | =l , Ndi m

Est =Est +Dat aset (1, 3) *W s(I)
END DO

RETURN
END

SUBROUTI NE Est Err (Ndi m1lext, Nu, b, Ws, BK, Error)

| MPLI CI T REAL*8 (A-H, 0-2)
PARAVETER ( MAXnhd=20)
REAL*8 BK(MAXnhd+6), W s(MAXnhd+6)

Sum=0. dO
DO | =l , Ndi m+l ext

Sum=SumtW s( 1) *BK( I )
END DO

CovO=ExpGSC{ Nu, b, 0. dO
Er r or =CovO- Sum

RETURN

END
Qc*****************************************************************

FUNCTI ON Di st (X, Yl, X2,y2)

I MPLI Ol T REAL*8 (A-H, 0-2)
Di st =DSQRT(( X2- XI ) ** 2+( Y2-yi ) **2)
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Appendi x B:
Source Code for Poly-Exponential GSC

RETURN
END
cr*****************************************************************

FUNCTI ON | al pha (nu)

I MPLICI T | NTEGER*4 (1-N)
I al pha=({nu+l)*{nu+2))/2

RETURN
END
hhkkkkhkhhkhhkhkhkhhhhkhhhkhhkhhkhhhhhkhhhhhhhkhhkhhkhhkhhkhhkhhrhk bk khkkhkhkkk*x

C******************************************************************

Ck*****************************************************************

C Changes made from parent program MAINS. FOR
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Appendi x C
Regression Plots and Error |H stograms for Cross-validations

Thi s appendi x contains Iinear regression plots and estimation error histograms for

the 11 cases of cross-validation of the soil moisture content data. The linear regressions
describe the correlation hetween actual noisture content and the intrinsic kriging estimte

for that value at each of the 75 data |ocations. The associated histograms describe the

distribution of the estimation error
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Case No.: C

Nei ghborhood Size: 10
GSC Mbdel : Pol ynomi al
Nugget Term Yes

Regression Coefficient, r*: 0.5683
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Appendi x C
Regression Plots and Error Histograms for Cross-validations

Case No.: C2

Nei ghborhood Size: 13

GSC Model : Pol ynom al

Nugget Term Yes

Regression Coefficient, r: 0.4536
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Appendi x C

Regression Plots and Error H stograms for Cross-validations

Case No.: C3
Nei ghbor hood Si ze:

16

GSC Mbdel : Pol ynomi al

Nugget Term Yes

Regression Coefficient, r*: 0.4166
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Appendi x C.
Regression Plots and Error Hstograms for Cross-validations

Case No.: 4

Nei ghborhood Size: 10

GSC Model : Pol ynomi al -spline
Nugget Term Yes

Regression Coefficient, A*": 0.5725
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Appendi x C:

Regression Plots and Error Histograms for Cross-validations

Case No.: C5

Nei ghbor hood Size: 13

GSC Model : Pol ynomi al -spline
Nugget Term Yes

Regression Coefficient, r*: 0.5884
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Appendi x C.
Regression Plots and Error Hstograms for Cross-validations

Case No.: C6

Nei ghborhood Size: 16

GSC Model : Pol ynom al - spline
Nugget Term Yes

Regression Coefficient, r*: 0.4763
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Appendi x C:
Regression Plots and Error Hstograms for Cross-validations

Case No.: C7

Nei ghborhood Size: 10

GSC Model : Pol y- exponenti al
Nugget Term (na)

Regression Coefficient, r”: 0.4525
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Appendi x C

Regression Plots and Error Hstograms for Cross-validations

Case No.: C8

Nei ghbor hood Size: 13
GSC Model : Pol y-exponenti al
Nugget Term (na)

Regression Coefficient, r”: 0.4729
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Case No.: C9

Nei ghborhood Size: 16

GSC Model : Pol y- exponenti al

Nugget Term (na)

Regression Coefficient, r*: 0.0783
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Appendi x C

Regression Plots and Error Hstograms for Cross-validations

Case No.: d O

Nei ghbor hood Size: 10
GSC Model : Pol ynom al
Nugget Term No

Regression Coefficient, r*: 0.6222
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Appendi x C
Regression Plots and Error Histograns for Cross-validations

Case No.: dI

Nei ghborhood Size: 13

GSC Model : Pol ynomi al - spl i ne
Nugget Term No

Regression Coefficient,/-": 0.7100
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