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Figure 12- contour map after Furrier filtering on the basis of figure, so structure properties of field seems much clearer.
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Figure 10- shows three-point moving average for the hydrocarbons data from Figure 8.

Figure 11- Contour map of hydrocarbons data before data filtering
(Yakela, xinjiang, China).

51 0o s Ui s A® s @gg@j@_@ YYY




vee 9 WIS (5] 4y 6o Siz (5ol (slgidgy jI oLl

Factor Scors 1 Factor Scors

Factor Scores 4

Factor Scores 3

Figure 8- Distribution of factor scores for : A, factor I: B, factor Il, C, factor I11 and D, factor V.
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Figure 9- Contour map of hydrocarbons of some data from Yakela, xinjiang, China before filtering
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Figure 5- The same C1 profile as figure 4 but with three-point moving average
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Figure 6- Raw and moving average of C2 data from Yakela
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Figure 2- Histograms showing the distribution of data after treatment with data preprocessing in Yakela
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Table 3- Groups of variables in Yakela
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The method to delineate oil and gas anomaly has
been directly put forward in accordance with annular
characteristics formed by local peak geochemical index
concentration. This method can clearly and effectively
delineate the weak anomaly under low background and
reduce the artificial character of delineated anomaly. At
present, the most common method is to delineate peak area
with constant, then determine such oil and gas anomaly as
annular anomaly, according to the peak area distribution.
This delineation method is complex and accompanied with
lots of difficulties. For example, if the lower limit of the
fixed anomaly is added by 1-0.5 standard deviation, then
a weak anomaly under lower background can not be easily
reflected. On the other hand, the second delineation is very
artificial. Another common method is trend residual error
and it also needs two steps delineation.

Conclusion

In the current work, attention has been given to improve
methods of interpretation by means of applying Multivariant
Data Analysis to some petroleum geochemical exploration
data. Specifically, the hard question addressed is multivariate
statistical techniques, which is now common in geochemical
exploration, providingasignificantadvantage over intuitively
simplerunivariate or non-statistical techniques? The use of all
these methods is dependent on the quality of data collection
and analysis, density of sampling, and number of samples in
a data set. Other variables addressed more subjectively are
the effects of soil, weather, and topography, which usually
can be identified and those samples normalized or discarded.
The overuse of statistics to support the presence of an
anomaly when biased data lead to this type of conclusion
seems, to be a continuing problem. Experience and the use of
pattern recognition methods help to minimize this problem.

Table 1- Correlation coefficient between the ten elements.

Cl C2 C3 iC4 nC4 iC5 nC5 Hg Cl1/C2+ UF365
Cl 1.00
C2 .59 1.00
C3 52 .99 1.00
iC4 46 .96 98 1.00
nC4 40 .92 .94 94 1.00
iC5 40 .92 .94 .94 1.00 1.00
nC5 40 .92 94 .94 1.00 1.00 1.00
Hg -.12 .05 .06 .06 .04 .04 .04 1.00
C1/C2+ .55 1.00 1.00 .98 .94 .94 .94 .05 1.00
Uf365 48 -.34 -41 -.46 -48 -48 -48 -.11 -.38 1.00

Table 2- Factor Loadings (Unrotated)

Yakela data principal components

(Marked loadings are > .700000)

Variable Factor 1 Factor 2 Factor 3 Factor 4 Factor 5
Cl 529751 -.803780 -.223739 -.084763 -.041117
Cc2 980826 -.087356 -.040214 -.016297 -.002774
C3 989414 -.011020 -.025484 -.006213 .018912
iC4 984468 .057294 -.009381 .008378 .004741
nC4 .865698 .170238 .066069 .042792 -417531
iC5 958991 .089685 .029661 .026160 .051846
nC5 .890451 -.138772 -.021299 .029180 283696
Hg .034744 .358051 -.478995 -.800273 .000717
C2+ 992871 -.043855 -.028402 -.006083 .014586

Cl1/C2+ -.498525 -.816989 -.215801 -.092090 -.090873

UF365 -.078239 255822 -.805269 .529083 -.005530

Expl.Vr 6.894421 1.576420 .983382 .939809 268084

Prp.Totl %62 %14 %8 %8 %2
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mutual similarity methods, observations having a common
similarity to other observations are grouped together. The
data are computed on a matrix of nxn, and those observations
having a close intercorrelation will be closed to +1.

Factor Analysis -General Purpose

The main applications of factor analysis techniques are (1)
to reduce the number of variables and (2) to detect structure
in the relationships between variables, which is to classify
variables. Therefore, factor analysis is applied as a data
reduction or structure detection method in the case of large
data such as geochemical exploration field. This form of
analysis is expressed in the form of a pattern that is present
in the variance and covariance and in the related similarities
between observations. Factor analysis is best applied when
it is assumed that parameters are varying across a survey
area; the analysis can determine which parameters are
varying(Voudouris, 1997). This method is best used with a
data set derived from an exploration and model survey. For
example, when there are more than two variables, we can
think of them as defining a “space,” just as two variables
definedaplane. Thus, when we have three variables, we could
plot a three-dimensional Scatterplots, and, again we could fit
a plane through the data. With more than three variables it
becomes impossible to illustrate the points in a Scatterplots,
however, the logic of rotating the axes so as to maximize the
variance of the new factor remains the same.

The application was completed in the following steps (Stark,

1991):
First, the raw data were standardized using:
‘xi — xm

S

Where z, is ith value of the standardized variable z (with a
mean of 0 and a standard deviation of 1). X isthe mean value
of variable x and s is the standard deviation. Standardization
tends to inflate variables whose variance is small, and reduce
the influence of variables whose variance is large. Also,
the standardization procedure removes the influence of
different, incompatible units of measurement on the data by
making them dimensionless. Next, the variances/covariance
and correlation coefficients of the variables were computed
using :

2% = x,) (% = ¥)

T, s T

X,

e o(ze]

i

Where x; and y, are the ith values of the standardized
variables x and 'y and x .y, are their respective means.

The correlation coefficients (r, ) are presented in matrix form
(correlation coefficient matrix). Eigenvaluesand eigenvectors
were calculated for the covariance matrix. The data were
transformed into factors and the numbers of factors were
selected. Unfortunately, there are no universally agreed upon
criteria for the selection of the retained number of factors.
There are many suggestions for selecting the optimal number
of factors (amount of the cumulative variance, eigenvalues
greater than 1,scree plot) (Kaiser, 1958; Davidson, 1994),
but the most straightforward solution to this problem is to
extract as many factors as the ruling theory demands.

The application of statistical techniques to the geochemical
data is a general way to organize the data and summarize
their characteristics. In order to study the relationship
between variables or indexes used in oil/gas geochemical
exploration, factor analysis method was used. The
geological interpretation of the factors gives an insight
into main processes, which may control the distribution of
hydrocarbon parameters.

The data were transformed into factors and the numbers of
factors were selected. Five factors have been selected, which
explain more than 94% of the total variance (Table 1). Except
Hg and Uf365, others variables have high communality.
Thus a good description of them has been obtained by using
the four-factor model. And lastly, the contribution of each
factor at every site (factor scores) was computed. This step
was important for the mapping of geographical distribution
of each factor.

The result shows that factor | accounts for 62% of the total
variance and C2,C3,iC4,iC5,nC5,C2+ are closely related to
one another and they would have a very similar distribution
property in space. Factor | is a major independent factor
of oil/gas geochemical exploration anomaly, and is called
anomaly properties integration. Factor 11 accounts for 14%
of the total variance with C1/C2+ as a main associated
variable which suggests that C1 is important to the anomaly
property integration. Factor 111 and 1V similarly account for
8% of the total variance, show that Hg and UF365 are almost
independent variables and probably indicate meaningful
hydrocarbon migration.

By comparing and analyzing the effectiveness of various
data processing methods we defined that universal kriging,
moving average and specially fourrier filtering can
effectively reveal oil and gas anomalies.
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estimated at a series of point on a grid, or values are to
be assigned to successive adjacent squares or rectangles
on a map. The data on which the estimates are based are
scattered through the map area, and may or may not lie
on a grid. Z pattern, analogous to the smoothing interval
of time —trend analysis, is centered on the first point to be
estimated. All data points within the pattern, perhaps a
square or circle, are weighted in same manner and used to
estimate the center of point. In the simplest type of moving
average, the mean of all observations within the pattern is
applied to the estimated point. The pattern is then moved
to the next grid intersection and the process is repeated.
When one row or column of the grid has been evaluated,
the next row or column is taken, until the map area has been
completely covered. Any moving average is an expression
of the general model.

Y, = STW.Y,
k=1

That is, an estimated grid value Y is based on the weighted
sum of n adjacent observation Y, The nature of the weighted
function varies from one moving average scheme to
another.

Most moving average techniques consider distance from the
estimated point to the adjacent points in same manner. In
the contouring program, the distances to n nearest points are
measured directly, and each point is weighted accordingly.
Methods analogous to one-dimensional smoothing equation
require that the data be located upon a grid. Then, the
spatial relation between Y and each value of Y within the
moving average interval is known. In this case, weights
remain constant for equivalent points of Y, as the moving
average surface estimated successive value of Y The end
two stations are eliminated in this process. The data were
plotted on the map and contoured (Figures 8 ,9 and 10).
Comparing maps indicates that the structure properties of
geochemical field has become clearer and data filtering has
achieved obvious effect.

Multivariant analysis

Multivariant analysis is usually applied when a large data
set is available with a large number of parameters for each
sample. This form of analysis is often used when data set
are acquired under different sampling conditions, when soil
conditions have been ignored, or when different surveys
must be compared. Multivariant analysis upplies the matrix
algebra. A matrix is a rectangular array of numbers that
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looks exactly like a table of data. Here we consider the
matrix to be a single unit rather than individual entries.
The first subscript identifies the row and the second for the
column. The numbers may represent sums of observations,
terms in a series of simultaneous equations, variances and
covariances (the joint variation of two variables around a
common mean), or any set of numbers. The matrix needs to
be of equal numbers, or there will be left-over elements and
the operation cannot be completed.

The multivariate analysis uses groups or clusters of data.
Many naturally occurring spatial distributions show a
pronounced tendency toward clustering. Most clustered
distributions are typically regarded as combination of two
or more simpler distributions. One of the distributions
describes the pattern of individual points around the center
of the cluster. Multivariant analysis attempts to identify
the locations of clusters and the members that belong to a
heterogeneous data set.

Cluster Analysis -General Purpose

Cluster analysis is used when a model or control survey
is not available and thus a comparison cannot be made.
This form of analysis performs classification by assigning
observations to groups so that group is homogenous and
distinct from every other group.

The term cluster analysis (Cheng-Qiu ming et al., 1997 ;
Agterberg & Bonham-Carter, 1989; Desheng et al., 1996).
actually encompasses a number of different classification
algorithms. The general categories of cluster analysis
methods, are: joining (tree clustering), two-way joining
(block clustering), and k-means clustering. The purpose
of this algorithm is to join together objects (e.g., elements)
into successively larger clusters, using some measure
of similarity or distance. A typical result of this type of
clustering is the hierarchical tree. The method calculates the
similarities between all the pairs and recalculates the matrix
by averaging the similarities which combined observations
have with other observations.

Block clustering or two-way joining procedure cluster
both variables and cases simultaneously. Two-way joining
is useful in (the relatively rare) circumstances when one
expects that both cases and variables will simultaneously
contribute to the uncovering of meaningful patterns of
clusters.

In general, the k-means method will produce exactly k
different clusters of greatest possible distinction. With



we 9 BS54y 6 uitio 3z (5 Wl (slgidigy jI olasiwl

data from a survey are sorted into increasing orders to
determine the range of data. They are then plotted on a special
scale called a cumulative percentage versus concentration.
The cumulative percentage scales represents the number
of samples with values less than given value converted to
percentage of the total number of samples in the survey. The
formula for a lognormal frequency distribution is:

_ 1 _ )2
f(w)—iwﬁmexp[ 1/2B(Lnw — @)?]

_ 1 1(mw) —«a ’
/ (W)—Wﬁme"p[ (")
These equations are from Koch and Link (1971). If the
value of B? (variance) is small, so is the skewness, and the
distribution will be normal.
Figure 3 is the cumulative percentage plot for soil-gas
propane from Yakla. The data are plotted as the cumulative
percentage of the propane concentration in the soil gas.
The diagram indicates that there isn’t a reasonably good
straight line for the bulk of data. The sample line in this
concentration range is likely to have a lognormal range
of background value for the area of the survey. The upper
group of samples shows an upward deflection, which may
be an indication of an anomalous group of samples, an
analytical problem, or some other. This upper group of
samples is the data to which explorationists are likely to
direct their attention. This kind of diagram can provide an
unbiased way of setting a boundary between anomalous and
background samples.

Transformations

A transformation is a function applied to an observation
or data set that subsequently defines a new set of data.
Transformations has been applied in surface geochemistry
for petroleum exploration more as a filter than as a way to get
more definitive results(Xie-Xuejing, 1992). Transformations
are typically applied to nonlinear or lognormal distributed
data. A common transformation is to take the log of a data
set (lognormal distribution) that is skewed, and the result
is a new data set. Expanding on this, many acquired data
sets can be difficult to interpret. For example, soil-gas
data across a survey may not show anomalous values for
all the various C1 through C6 hydrocarbons in any group
or specific samples. For a problem like this, each sample
varies in term of which hydrocarbons are anomalous and
may not be comparable between sample sites. A solution

has been the transformation. The transformation function
is not limited to soil-gas data, nor is it restricted to using
only the data acquired with the same method. Hydrocarbon
data can be entered into a function that can include iodine,
radiometrics, major and minor elements, and microbial
values. Therefore, the idea of a transformation is to create
a function that brings several parameters together to yield a
resulting number that can be placed at the sample location
and be simply contoured or can be identified as an anomaly
or background. There are three commonly used forms of
transformations: (1) ratioing of one hydrocarbon to another
hydrocarbons, (C1/C2) (2) smoothing the data for any
particular variable, and (3) bringing together a variety of
variables that are unrelated and converting them into a new
variable easier to work with. (C2+)

Data Filtering

A filter is a mathematical operator that changes a time series
into another time series having some desired form. Various
forms of filtering have been employed to manipulate data
in order to eliminate noise and to determine the anomalous
areas from the nonanomalous areas. In tasks of geochemical
exploration of petroleum, noise can be isolated anomalous
or nonanomalous values that cause disrupting presence.
Noise can obscure and confuse analysis by including
additional area with the true anomalous area, or it can create
a false anomaly. Noise that is anomalous or that seems to be
anomalous can be inadvertently and subsequently included
in the interpretation. Noise usually has nothing to do with
the anomaly being defined. The source of the noise can be
in sample contamination, changes in soil chemistry, and
minor accumulation of petroleum seeping of present on the
surface. Filtering of noise can take a variety of forms from
determining background and anomalous values to a more
mathematical manipulation.

Moving Average

The moving average is a typical method employed for
traverse data and the general equation is

FeIAFA t--+A 1IN0

Figure 4 shows the plotted raw C1 data in Yakla. To filter data
every three are added together and divided by 3: F becomes
the new value for A,. The resulting data are recontoured or
new profiles are presented (Figurers 5 and 6).
Two-dimensional moving averages are an extension of
data-smoothing techniques. Generally, a variable must be
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population and complex pattern that are difficult to correlate
with geologic and geophysical data, and (2) to evaluate small
data sets. Some have thought that statistical manipulation of
data, as applied to a smal data set, is really done to enhance
and generate an interpretation for erroneous data. A third
form of evaluation i.e. pattern recognation has not been
widely used in petroleum exploration. In large databases,
pattern recognition is more applicable than either simple
or complex statistics, which may or may not provide a
supporting role. The reader should not misinterpret the last
group of statments to mean that statistics do not have a place
or are not really useful in surface geochemistry.

Computer contouring is a similar artificial procedure, even
though it can provide an acceptable interpretation with
many types of geologic data. Unlike structural and isopach
mapping, geochemical values typically demonstrate wider
variation over short distances and may not be suited for
interpretation with present algorithms. But Fractal and
fuzzy logic analyses have good and efficient applications
in surface geochemistry (such as fuzzy application in
geostatistics and fractal in rastar process).

Because of failing simple statistical methods in Yakla and
Yakla-Luntai sophisticated methods were used such as
Kriging, furrier filtering, moving average, cluster and factor
analysis.

The purpose of surface geochemistry in petroleum
exploration is to discover abnormal geochemical patterns
or anomalies, related to hydrocarbon seepage and from
which to infer the presence of a petroleum accumulation at
depth. Determining that a geochemical anomaly is related
to petroleum seepage requires more than just unusually high
(or low) values of gases, liquids, solids, or components in
the sampled media. The geochemical anomaly is defined as
a departure from values that are considered to be normal
background variations or nonpetroleum seepage populations
in geochemical setting. Numerous geochemical anomalies”
may be unrelated to petroleum seepage, and a primary goal
of statistical analysis is to identify anomalies resulting from
other causes. Success in geochemical interpretation depends
on the objective use of statistics.

The goal of statistics is to provide a fundamental starting
point from which to evaluate geochemical data with other
types of nonrelated techniques. Statistics will fail if it must
provide answers when the data are insufficient or cannot
support geologic and geophysical models.

U
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Populations and Distributions

The composition of natural material exhibits a distribution
that can be useful in determining whether there are different
groups or populations present. All types of geochemical data
have a range of values that can be expected in any sampling
program, and it is necessary to decide what fraction, if any,
of the samples represents the anomalous population sought.
The classic example of a population distribution is in the
form of a histogram. Histograms were visually analyzed,
and then the data were contoured based on the artificial
determination of frequency intervals. Data skewed to the
right are termed a positive skewness. It is the more common
histogram form in petroleum exploration. Data skewed to
the left are called a negative skewness. It is not a common
form and, when present, can result from data that are more
representatives of the anomalous population rather than
of the background values or of a normal population with
relatively low values.

Figure 1 is distribution diagrams for C1, C2. C3, iC4, nC4,
iC5, nC5 and uf365 concentration in 195 soil samples before
data preprocessing in Yakla oil field. The samples are divided
into class intervals, and the numbers of samples in each
class are plotted on a bar graph. Frequently, geochemical
data with anomalous population are skewed to the right,
have more than one peak, and can be termed multimodal.
Therefore we can not establish the bell-shaped populations.
In some cases negative skewness is more important than
positive one. For example , when we look leached zone in
nature , negative skewness is much important. So that , due
to our subjects , both negative and positive skewnees are
important.

Most geochemical data exhibit some form of lognormal

distribution. The lognormal transformation is the only
commonformpresentingeology. Theangulartransformation
of bimodal data and the square -root transformation of
Poisson data for discrete distributions are rare and generally
not helpful in practice (Bjorklund & Gustavasson, 1987;
Kaiser, 1958; Oven et al., 1991).
Lognormal distributions are useful only when the variance
is high. Small variances typically are not justifying their
use.one of the other transformation non-normal distribution
is power transformation which is called cox&box. This
transformation is very effective and useful in most types of
unnormal sistribution.

A more elegant way of analyzing distribution is to use a
cumulative frequency or probability plot. The geochemical
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Introduction

Statistical methods are a way of recognizing anomalous
populations in surface geochemical data. However, not all-
surface geochemical methods utilize statistics in analysis.
Soil-gas and major and minor elements data are usually
subjected to evaluation by histogram, means and standard
deviations, ratios, filtering methods, transformations and,
to lesser extent, chi-square distribution and multivariant
analysis. lodine, helium, microbial, and Eh/pH data
evaluations are usually restricted to histogram, mean and
standard deviations, and filtering methods. These types of
data can be entered as variables in a transformation function
involving the previously mentioned gases and elements.
Radiometric data analysis varies, but usually point data are
evaluated like iodine or helium data. Continuous radiometric
profile data are typically evaluated based on the slope of
the line and visual examination ( Le Schack, 1997; Thomas,
1995).

Statistical Analysis and spatial variation

Several statistical techniques are useful in the evaluation of
surface and near-surface geochemical data. The numerous
statistical methods available to the reader are in a sense
limitless in manipulating data for evaluation. However,
the present level of understanding of surface geochemical
exploration for petroleum precludes using several of the
statistical methods and instead focuses on a few simple
methods that aid interpretation. Because there may be
multiple variable from a surface geochemical survey,
analysis typically does not extend beyond (1) simple profiles;
(2) use of means, modes, and standard deviations; and (3)
contouring of the data. Usually, the raw data from the lab
analysis indicate the presence or absence of an anomaly
without statistical manipulation. Implementing statistical
analysis requires obtaining sufficient data to identify that
part (if any) of the population related to micro seepage and
then determining how best to conclude confidently that it
is indeed anomalous and is the art of the population being
explored. Investigations typically use simple statistics.
Some have developed proprietary equation, that is,
transformations on the form of complex functions, ratios,
and filtering, that are supposed to identify data that help
to isolate the truly anomalous from false indications and
background. Actual practice suggests, however, that these
manipulations are not universally applicable. Extensive
transformation can skew or stretch a normal population data

set into appearing anomalous when it is not, which can lead
to misinterpretation.

Statistical methods, in any science, are used to determine
the presence in a data set of separate, not always distinctive,
populations that are not clearly discernible by visual
evaluation. The interpretation of data in petroleum or
other natural resources seeks populations that are termed
anomalous indicating the presence of the commodity being
sought. In general usage, an anomaly is something that
departs significantly from the norm. In surface geochemistry,
anomaly means a deviation amount of hydrocarbons, iodine,
microbes, radioactive minerals, trace and major metals, and
helium in the soil.Thus, when the anomaly is incorporated
into model, it is no longer anomalous but part of the normal
population. Anomalous may therefore be a misnomer in
surface geochemistry. Macro seepage and micro seepage
are clearly part of the hydrodynamic system in any basin, to
a degree that depends on the amount of petroleum present.
Prolific basins and areas, such as Monterey, the North Sea,
Iran, Saudi Arabia, Kuwait, Illinois, and the gulf Coast,
contain tremendous amounts of hydrocarbons today as
they did in the past. Numerous geochemical expression
anomalies did and do exit at the surface in these areas, and
technically they are the part of the normal geochemical
soil framework. While it may be true that word anomaly is
incorrectly applied in surface geochemistry, this definition
is embedded in the usage of the profession: An anomaly
represents that an anamaly is the top or low a population
can be normal , lognormal or any other distribution pattern
, that is not in the trend of population.

The statistical methods most appropriate for geochemical
interpretation will be presented here.

1. Recognition of multiple populations (histograms)

2. Methods used to depict variations in the collected data
(probability plots)

3. How to establish background and normal responses and
recognize changes in those population that do not necessarily
imply the presence of anomalies (means, odes, and standard
deviations)

5. Transformation

6. Use of pattern recognition where classical statistical
methods fail

7. Multivariate analysis including factor and cluster analysis,
kriging and moving average methods.

Statistical analysis of surface geochemical data is used for
two reasons: (1) to interpret a data set that exhibits multiple
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Application of Multivariate Data Analysis to
Determine Geochemical Hydrocarbon Anomaly
In Yakela, China
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Abstract

Many statistical tools are useful in developing qualitative insights into a wide variety of natural phenomena; many others can
be used to develop quantitative answers to specific questions. Unfortunately most classical statistical methods make no use of the
spatial information in the earth science data. A large number of useful or potentially useful multivariate techniques are available,
e.g., kriging, moving average, factor analysis, cluster analysis, and fourrier filtering as well as an increasingly large number of
them are being applied in geologic and geochemical investigations. Yakla is a typical and important oil and gas region in north
Tarim basin in China. Therefore, a lot of exploration work has been already carried out in this area. Samples collected from the
area were analyzed for their hydrocarbon mass fractions and multivariate techniques combined with other data helped the authors
to identify the hydrocarbon anomaly in Yakela.

Keywords: Multivariate techniques, Kriging, Fourrier filtering, Moving average, Hydrocarbon anomaly.
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