Scientific Journal of Information Engineering
April 2015, Volume 5, Issue 2, PP.14-32

Optimal Prediction in Petroleum Geology by
Regression and Classification Methods

Guangren Shi
Department of Expert, Research Institute of Petroleum Exploration and Development, Petro China, Beijing 100083, China

Email: grs@petrochina.com.cn
Abstract

Six methods are involved in this study: three regression methods are the regression of support vector machine (R-SVM), the back-
propagation neural network (BPNN), and the multiple regression analysis (MRA); and three classification methods are the
classification of support vector machine (C-SVM), the naWe Bayesian (NBAY), and the Bayesian successive discrimination
(BAYSD). A proposed method optimization contains two rules: a) nonlinearity degree of a studied problem is defined by the
residuals of MRA solution; and b) solution accuracy of a given method application is defined by the residuals of the method
solution. Through eight case studies, this optimization is validated to be practical. Case studies 1 and 2 consist of both regression
and classification problems, while Case studies 3~8 are classification problem. Since the regression problems of Case studies 1
and 2 have strong nonlinearity, R-SVM, BPNN and MRA are unavailable. However, since the classification problems of Case
studies 1~8 have weak or moderate nonlinearity, SVM and BAYSD are available, whereas NBAY is sometimes available.
Therefore, it concluded that: a) any of R-SVM, BPNN and MRA cannot be applied to any regression problems with strong
nonlinearity, but C-SVM, NBAY or BAYSD could be applied if the problems are converted from regression to classification; and
b) if a classification problem has weak or moderate nonlinearity, SVM and BAYSD are available, whereas NBAY is sometimes
available.
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1 INTRODUCTION

In the recent years, the regression and classification methods have seen enormous success in some fields of business
and sciences, but the application of these methods to petroleum geology (PG) is still in initial stage. This is because
the PG is different from the other fields, with miscellaneous data types, huge quantity, different measuring precision,
and lots of uncertainties to results.

Up to now, the most popular methods that have been employed in nonlinear PG problems are the following three
regression methods and three classification methods [1]. The three regression methods are the regression of support
vector machine (R-SVM), the back-propagation neural network (BPNN), and the multiple regression analysis
(MRA); and three classification methods are the classification of support vector machine (C-SVM), the nawe
Bayesian (NBAY), and the Bayesian successive discrimination (BAYSD). However, when these six methods are
applied to solve a real-world problem, they often produce mixed results with varied success rates. This issue occurs
due to the problem's nonlinearity degree and the different solution accuracies produced by different methods. The
purpose of this paper, therefore, is how to select a proper method for real problems, i.e. a proposed method
optimization. For the sake of intuitionistic views, eight case studies where the first two for the classification-
regression problem and the other six for the classification problem, are demonstrated for this study.

2 REGRESSION AND CLASSIFICATION METHODS

The aforementioned regression and classification methods share the data of samples. The essential difference
between the two types of methods is that the output of regression methods is real-type value and in general differs
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from the real number given in the corresponding learning sample, whereas the output of classification methods is
integer-type value and must be one of the integers defined in the learning samples. In the view of dataology, the
integer-type value is called as discrete attribute, while the real-type value is called as continuous attribute.

The six methods (R-SVM, BPNN, MRA, C-SVM, NBAY, BAYSD) use the same known parameters, and also share
the same unknown that is predicted. The only difference between them is the approach and calculation results.

Assume that there are n learning samples, each associated with m+1 numbers (X, X, ..., Xm, y*) and a set of observed
values (Xi1, Xiz, ---» Xims yi*), with i=1, 2, ..., n for these numbers. In principle, n>m, but in actual practice n>>m. The
n samples associated with m+1 numbers are defined as n vectors:

Xi=(Xi1, Xi2s -« s Ximy yl*) (izl, 2, cees n) (l)
where n is the number of learning samples; m is the number of independent variables in samples; x; is the i"" learning
sample vector; X is the value of the j™ independent variable in the i" learning sample, j=1, 2, ..., m; and y, is the
observed value of the i learning sample.

Equation 1 is the expression of learning samples.

Let x, be the general form of a vector of (X, X, ..., Xim). The principles of BPNN, MRA, NBAY and BAYSD are
the same, i.e. try to construct an expression, y=y(Xo), such that Eg. 2 is minimized. Certainly, these four different
methods use different approaches and obtain calculation results in differing accuracies.

n 2

[ () -] @)
where y=y(Xo) is the calculation result of the dependent variable in the i"" learning sample; and the other symbols
have been defined in Eq. 1.

However, the principles of R-SVM and C-SVM methods are to try to construct an expression, y=y(Xg), such that to
maximize the margin based on support vector points so as to obtain the optimal separating line.

This y=y(xo) is called the fitting formula obtained in the learning process. The fitting formulas of different methods
are different. In this paper, y is defined as a single variable.

The flowchart is as follows: the 1% step is the learning process, using n learning samples to obtain a fitting formula;
the 2™ step is the learning validation, substituting n learning samples (X1, Xz, ..., Xim) into the fitting formula to get
prediction values (y1, Vo, ..., Yn), respectively, so as to verify the fitness of a method; and the 3" step is the prediction
process, substituting k prediction samples expressed with Eq. 3 into the fitting formula to get prediction values (Yn+1,
Yn+2, - -, Ynek), FESPEctively.

Xi=(Xi1s Xi2, .., Xim) (i=n+1, n+2, ..., n+k) (3)
where k is the number of prediction samples; x; is the i"" prediction sample vector; and the other symbols have been
defined in Eq. 1.

Equation 3 is the expression of prediction samples.

In the six methods, only MRA is a linear method whereas the other five are nonlinear methods, this is due to the fact
that MRA constructs a linear function whereas the other five construct nonlinear functions, respectively.

To express the calculation accuracies of the prediction variable y for learning and prediction samples when the six
methods are used, the following four types of residuals are defined.

The absolute relative residual for each sample, R(%), is defined as
R(6),=|(y,~y))/ y;| x100 4)

where v; is the calculation result of the dependent variable in the i sample; and the other symbols have been defined
in Egs. 1 and 3. R(%) is the fitting residual to express the fitness for a sample in learning or prediction process.

It is noted that zero must not be taken as a value of y; to avoid floating-point overflow. Therefore, for regression
method, delete the sample if its y, =0; and for classification method, positive integer is taken as values of .
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The mean absolute relative residual for all learning samples, R (%), is defined as

R,%) :éle(%)i /n )

where all symbols have been defined in Egs. 1 and 4. R (%) is the fitting residual to express the fitness of learning
process.

The mean absolute relative residual for all prediction samples, R, (%), is defined as

R,(%)= i R(%), / k (6)
i=n+1

where all symbols have been defined in Egs. 3 and 4. R,(%) is the fitting residual to express the fitness of prediction
process.

The total mean absolute relative residual for all samples, R™(%), is defined as

. n+k
R (%)= _Zl R(%), / (n+Kk) @)
i=
where all symbols have been defined in Egs. 1, 3 and 4. If there are no prediction samples, k=0, then R™(%) =R, (%) .

R™(%) is the fitting residual to express the fitness of learning and prediction processes, and is adopted to express the
following two rules.

2.1 Rule 1: Nonlinearity Degree of a Studied Problem

Since MRA is a linear method, its R™(%) for a studied problem expresses the nonlinearity degree of y=y(x) to be
solved, i.e. the nonlinearity degree of the studied problem. This nonlinearity degree can be divided into three classes:
weak when R”(%) <10, moderate when 10< R”(%) <30, and strong when R"(%)>30.

2.2 Rule 2: Solution Accuracy of a Given Method Application

Whether linear method (MRA) or nonlinear methods (R-SVM, BPNN, C-SVM, NBAY, BAYSD), their R"(%) of a
studied problem expresses the accuracy of y=y(x) obtained by each method, i.e. solution accuracy of the studied
problem solved by each method. This solution accuracy can be divided into three classes: high when R™(%)<10,
moderate when 10< R"(%) <30, and low when R"(%)>30.

2.3 Methodology of the Six Methods in the Research

Through the learning process, each method constructs its own function y=y(x). The methods of the six methods (R-
SVM, BPNN, MRA, C-SVM, NBAY, BAYSD) are described below. It is noted that y=y(x) created by BPNN is an
implicit expression, i.e. which cannot be expressed as a usual mathematical formula; whereas that of the other five
methods are explicit expressions, i.e. which are expressed as a usual mathematical formula.

The following will discuss the six methods. Because support vector machine (SVM) has both classification (C-SVM)
and regression (R-SVM) methods, SVM is generally introduced ahead. Since the 1990's, SVM has been gradually
applied in natural and social sciences, especially widely in this century. SVM is an approach utilizing machine-
learning based on statistical learning theory. It is essentially performed by converting a real-world problem (the
original space) into a new higher dimensional feature space using the kernel function, and then constructing a linear
discriminate function in the new space to replace the nonlinear discriminate function. Theoretically, SVM can obtain
the global optimal solution and avoid converging to a local optimal solution as can possibly occur in BPNN, though
this problem in BPNN is rare if BPNN is properly coded [1]. The SVM procedure includes two principal methods: 1)
C-SVM, such as the binary classification [1]-[6], and the v-binary classification [7]; and 2) R-SVM, such as the &
regression [1] [4] [6], and the v-regression [8]. In the case studies, the binary classification for C-SVM and the &
regression for R-SVM are employed. Moreover, it is better to take RBF (radial basis function) as a kernel function
than to take the linear, polynomial and sigmoid functions under strong nonlinear conditions [1] [4], and thus the
kernel function used in C-SVM and R-SVM is the RBF.

1) R-SVM
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A technique of R-SVM, e&-regression [1] [4], has been employed. The formula created by this technique is an
expression with respect to a vector x, which is so-called a nonlinear function y=R-SVM(xy, Xa, ..., Xm):

n “ 2
y=3[ (e ~a)exp( | x—x IF) | +b ©)
where & and & are the vector of Lagrange multipliers, a=(c1, oy, ..., an) and a =( a, a,, ..., a ), 0<a<C and

0< 0‘; <C where C is the penalty factor, and the constraint él(ai*—ai) =0; exp(—y || x—x; |?) is a RBF kernel

function; y is the regularization parameter, y>0; and b is the offset of the separating hyperplane, which can be
calculated using the free vectors x;. These free x; are those vectors corresponding to ¢;>0 and ai* >0, on which the
final R-SVM model depends.

i, al C, and y can be solved using the dual quadratic optimization:

ma§{§ (i ~aa)yi-e X (e +ai) 5 T [(ai-ai)(@j-ajexp(-7lki—x ,-m} ©

a0 li=l i,j=1

where & (¢>0) is determined by user.

It is noted that in the case studies the formulas corresponding to Eq. 8 are not concretely written out due to their large
size.

2) BPNN

The BPNN procedure has been widely applied since the 1980's [1] [9] [10], and the application of BPNN is still
predominant. The formula created by BPNN is an expression with respect to m parameters (X, X, ..., Xm) [1]:

y=BPNN(Xy, X, ..., Xm) (10)
where BPNN is a nonlinear function, which cannot be expressed as a usual mathematical formula and so is an
implicit expression. BPNN consists of one input layer, one or more hidden layers, and one output layer. In the case
studies, only one hidden layer is employed. There is no theory yet to determine how many hidden layers are needed
for any given case, but in the case of output layer with only one node, it is enough to define one hidden layer.
Moreover, it is also difficult to determine how many nodes a hidden layer should have. For solving local minima
problem, it is suggested to use the large Nhiggen=2(NinputtNoutput)—1 estimate where Npiggen iS the number of hidden
nodes, Niypy: is the number of input nodes and Noypyt iS the number of output nodes. The values of the network
learning rate for the output layer and the hidden layer are within (0, 1), and in practice they can be the same.

The term back-propagation refers to the way [1] [11], the error computed at the output side is propagated backward
from the output layer, to the hidden layer, and finally to the input layer. Each iteration of BPNN constitutes two
sweeps: forward to calculate a solution by using a sigmoid activation function, and backward to compute the error and
thus to adjust the weights and thresholds for the next iteration. This iteration is performed repeatedly until the solution
agrees with the desired value within a required tolerance. The error takes the root mean square error [1] [12] is

RMSE(%)a/ﬁél(yi ~y;)? 100 (11)

where y; and y; are under the conditions of normalizations in the learning process. RMSE(%) is used in the
conditions for terminating network learning.

3) MRA

The MRA procedure has been widely applied since the 1970's [1] [13] [14], and the successive regression analysis,
the most popular MRA technique, is still a very useful tool. The formula created by this technique is a linear
combination with respect to m parameters (X, X2, ..., Xm), Plus a constant term, which is so-called a linear function
Y=MRA(Xy, X2, ..., Xm) [1]:

y=botbx1+boXot. . . +HomXm (12)
where the constants bo, by, by, ..., by are deduced using regression criteria and calculated by the successive
regression analysis of MRA. Eg. 12 is a so-called “regression equation”. In rare cases an introduced X, can be deleted
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in the regression equation, and in much rarer cases a deleted x, could be again introduced into the regression equation.
Therefore, usually Eq. 12 is solved via m iterations.

4) C-SVM
A technique of C-SVM, the binary classifier [1] [4], has been employed. The formula created by this technique is an
expression with respect to a vector x, which is so-called a nonlinear function y=C-SVM(Xy, Xa, ..., Xm):
n 2

y = 2[ Vit exp(=7 [ x=%; ) | +b (13)
where a is the vector of Lagrange multipliers, a=(a1, o, ..., an), 0<a;<C where C is the penalty factor, and the
constraint _ﬁl yie; =0; exp(—y || x—x; |[*) is @ RBF kernel function; y is the regularization parameter, y>0; and b is the

1=

offset of the separating hyperplane, which can be calculated using the free vectors x;. These free x; are those vectors
corresponding to ¢;>0, on which the final C-SVM model depends.

ai, C, and y can be solved using the dual quadratic optimization:

maxy 3y > 3 [ager;yyy; exn(r I —x; 1) ] 14)
o i 2 gl e L

It is noted that in the case studies the formulas corresponding to Eq. 13 are not concretely written out due to their
large size.
5) NBAY

The NBAY procedure has been widely applied since the 1990's, and widely applied in this century [1] [15]. The
following introduces a NBAY technique, i.e. the nawe Bayesian. The formula created by this technique is a set of
nonlinear products with respect to m parameters (Xi, X, ..., Xm) [1] [16] [17]:

1 =(X; *N])Z
N, (x) =TT exp| ——- ]} (I=1,2,...,L) (15)
| ] 1{6”5 { 26“

h
I'[

where | is the class number, L is the number of classes, Ni(x) is the discrimination function of the I class with
respect to X, oj is the mean square error of x;in Class I, 4; is the mean of x;in Class I. Eq. 15 is so-called a nawe
Bayesian discrimination function.

Once Eq. 15 is created, any sample shown by Eq. 1 or Eqg. 3 can be substituted in Eq. 15 to obtain L values: N,
Ny, ..., NL. If Nl = max{N|} , then
b 1<i<L
y=ly (16)
for this sample.

Eq. 16 is so-called a nonlinear function y=NBAY (X4, X, ..., Xm)-
6) BAYSD

The BAYSD procedure has been widely applied since the 1990's, and widely applied in this century [1] [18] [19].
The following introduces BAYSD technique. The formula created by this technique is a set of nonlinear
combinations with respect to m parameters (Xy, Xy, ..., Xm), plus two constant terms [1]:

B, (x) =In(p,) +Co + j%cjlxj (1=12,..L) (17)

where | is the class number, L is the number of classes, B\(x) is the discrimination function of the I class with
respect to x, c; is the coefficient of x; in the I discrimination function, p, and cq are two constant terms in the It
discrimination function. The constants p;, Co, Cu, Ca, ..., Cmy are deduced using Bayesian theorem and calculated by
the successive Bayesian discrimination. Eq. 17 is so-called a Bayesian discrimination function. In rare cases an
introduced X, can be deleted in the Bayesian discrimination function, and in much rarer cases a deleted x, could be
again introduced into the Bayesian discrimination function. Therefore, usually Eq. 17 is solved via m iterations.

Once Eq. 17 is created, any sample shown by Eq. 1 or Eq. 3 can be substituted in Eqg. 17 to obtain L values: B,
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B, ..., BL. If Blb :]giXL{BI} , then
y=ly (18)
for this sample.

Eq. 18 is so-called a nonlinear function y=BAYSD(Xy, Xz, ..., Xm)-

The aforementioned six methods applied to eight case studies below have the following common appoints. At the
starting point of BPNN or SVM running, each feature in x and y of the learning samples and each feature in x of the
prediction samples are normalized, i.e. features are normalized to [0, 1] for BPNN, while features are normalized to
[-1, 1] for SVM (C-SVM and R-SVM). But there are no feature normalizations for samples in MRA, NBAY and
BAYSD. In order to have the comparability of results among different applications, a) for BPNN, only one hidden
layer is employed, the number of hidden nodes is defined by a fixed formula with respect to the number of input
nodes and the number of output nodes as described above, and the values of the network learning rate for the output
layer and the hidden layer are fixed to 0.6; and b) for SVM, the termination of calculation accuracy TCA is fixed to
0.001, the RBF is taken as a kernel function, and the insensitive function ¢in R-SVM is fixed to 0.1.

3 TwoO CASE STUDIES OF THE CLASSIFICATION-REGRESSION PROBLEM
3.1 Case Study 1: The Permeability Prediction of an Oilfield

The objective of this case study is to calculate rock permeability and to conduct rock permeability classification
(RPC) for the oil/gas wells, which has practical value when experiment data is less limited.

Using data of 12 samples from an oilfield in China, and each sample contains 3 independent variables (x; =
irreducible water saturation, x, = surface area to volume ratio of rock, x; = porosity) and an experiment data (y =
rock permeability), [20] adopted BPNN for the prediction of permeability. In this case study, among these 12
samples, 10 are taken as learning samples and one as prediction sample for the prediction of both permeability and
RPC (Tables 1 and 2), in which for permeability by R-SVM, BPNN and MRA, and for RPC by C-SVM, NBAY and
BAYSD.

1) Regression to Calculate Rock Permeability

Using the 10 learning samples (Table 1) and by R-SVM, BPNN and MRA, the following three functions of rock
permeability (y) with respect to 3 independent variables (x;, X», X3) have been constructed.
Using R-SVM, the result is an explicit nonlinear function corresponding to Eq. 8:

y=R-SVM(Xy, X, X3) (19)
with C=1, y =0.333333, and 10 free vectors Xx;.
The BPNN used consists of 3 input layer nodes, 1 output layer node and 7 hidden layer nodes. The result is an
implicit nonlinear function corresponding to Eq. 10:

y=BPNN(X{, X2, X3) (20)
with the optimal learning time count t,,,=99991, and RMSE(%)=0.5156>10 2.

TABLE 1 INPUT DATA FOR PERMEABILITY PREDICTION OF AN OILFIELD

Three parameters related toy *  y"

Sample Sample
type No. Xy Xy X3 Permeability ° .
) (mtem) (%)  (@0%wm) ¢
2 9 1428 13.0 63 2
Samples 3 4 532 18.0 1011 1
4 10 231 14.0 2400 1
5 25 1169 16.0 151 2
6 18 2310 23.7 123 2
-19-
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Learning 7 20 2261 17.0 39 3
8 7 644 140 294 1
samples 9 21 3542 220 44 3
10 16 1253 197 239 1
Prediction 21 1890 175 (74) @)
samples

4x, = irreducible water saturation, x, = surface area to volume ratio of rock, x; = porosity.

b y* = rock permeability determined by the experimentation, number in parenthesis is not input data, but is used for calculating R(%).

¢ y" = RPC = rock permeability classification (1-high permeability, 2—intermediate permeability, 3—low permeability) determined by
Table 2, number in parenthesis is not input data, but is used for calculating R(%).

TABLE 2 ROCK PERMEABILITY CLASSIFICATION BASED ON ROCK PERMEABILITY QUANTITY

Rock permeability classification Rock permeability - RPC

(10°*um?) (rock permeability classification)
High permeability >200 1
Intermediate permeability [50, 200] 2
Low permeability <50 3

Using MRA, the result is an explicit linear function corresponding to Eq. 12:

y=653.63+2.5543%;—0.56583%,+35.859%; (21)
Equation 21 yields a residual variance of 0.5749 and a multiple correlation coefficient of 0.652. From the regression
process, the rock permeability (y) is shown to depend on the 3 independent variables in decreasing order: x,, X3, and Xy

Substituting the values of 3 independent variables (X;, X2, X3) given by the 10 learning samples and one prediction
sample (Table 1) in Egs. 19, 20 and 21, respectively, the rock permeability (y) of each sample is obtained (Table 3).

From Table 4, it shown that a) the nonlinearity degree of this studied problem is strong due to R™(%) of MRA is
269.7; and b) the solution accuracies of R-SVM, BPNN and MRA are low, moderate and low, respectively.
Therefore, a) R-SVM and MRA are obviously unavailable; though the solution accuracy of BPNN is moderate, it is
also inapplicable.

2) Classification to Calculate RPC

Using the 10 learning samples (Table 1) and by C-SVM, NBAY and BAYSD, the following three functions of RPC
(y) with respect to 3 independent variables (xy, X2, X3) have been constructed.

Using C-SVM, the result is an explicit nonlinear function corresponding to Eq. 13:

y=C-SVM(Xy, X2, X3) (22)
with C=128, y =0.03125, 8 free vectors x;, and the cross validation accuracy CVA=72.7273%.

TABLE 3 PREDICTION RESULTS OF ROCK PERMEABILITY OF AN OILFIELD

Rock permeability (10°um?)

Sample Sample Experimentation Regression method
type No. R-SVM BPNN MRA
y y R%) v R%) vy R(%)
1 26 1373 4281 26 0 80.8. 210.9
2 63 137.8 1188 26 58.7 3348 4314
3 1011 1389 86.3 1342 328 1008.3 0.27
4 2400 1388 942 2400 O 10505 56.2
Learning 5 151 1376 89 1505 0.36 636.0 317.1
samples 6 123 1364 109 898 270 2424 971
7 39 136.7 2504 26.0 333 349 10.3
8 294 1387 528 2941 0.02 8091 175.2
9 44 1357 2085 26.0 409 -492.7 1220.0
10 239 1378 42.3 2529 58 6919 1895
Prediction 74 1370 851 26 649 2654 2586
samples
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TABLE 4 COMPARISON AMONG THE APPLICATIONS OF REGRESSION METHODS (R-SVM, BPNN AND MRA) TO ROCK
PERMEABILITY PREDICTION OF AN OILFIELD

Mean absolute relative residual Dependence of the predicted Time

Fitting value (y) on independent consuming  Solution
Method :
formula _ \ o . variables (Xy, X, X3), on PC accuracy
R1(%) R2(% R"(®) in decreasing order (Intel Core 2)
R-svm Nonlinear,, 5, 85.1 126.0 N/A 3s Low
explicit
gpNN  Nonlinear, g 649 240 NIA 30s Moderate
implicit
MRA  Linean o004 258.6 269.7 Xy, Xa, X4 <ls Low
explicit
Using NBAY, the result is an explicit nonlinear discriminate function corresponding to Eq. 15:
1 (% - py)”
N (x) =TT exp| ——1 (I=1, 2, 3) (23)
I = o NPY 2c7?I

where for 1=1, 0j1=4.437, 371.561, 2.498, 1;;=9.25, 665, 16.425; for =2, 0;,=6.549, 488.409, 4.507, 1;,=17.333,
1635.667, 17.567; for 1=3, 0j3=6.128, 728.052, 4.082, 1;3=19.667, 2543.333, 17.

Using BAYSD, the result is an explicit nonlinear discriminate function corresponding to Eq. 17:

B, (x)=1In(0.4) -17.73-0.173x, — 0.015x, + 2.845X,
B, (x) =1In(0.3) — 9.783+ 0.055x, —0.006X, +1.627x, (24)
B, (x) =In(0.3) —8.527 + 0.141x, + 0.004x, +0.243x,
From the successive process, RPC (y) is shown to depend on the 3 independent variables in decreasing order: X, Xs,
and X;.

Though MRA is regression method but not classification method, MRA can provides the nonlinearity degree of the
studied problem, and thus it is required to run MRA.

Using MRA, the result is an explicit linear function corresponding to Eq. 12:

y=2.4398+0.01657%;+0.00091x,—0.12767x3 (25)
Equation 25 yields a residual variance of 0.10046 and a multiple correlation coefficient of 0.94844. From the
regression process, RPC (y) is shown to depend on the 3 independent variables in decreasing order: X,, X3, and X;.

Substituting the values of 3 independent variables (X3, X5, X3) given by the 10 learning samples and one prediction
sample (Table 1) in Egs. 22, 23 (and then use Eq. 16), 24 (and then use Eg. 18) and 25, respectively, the RPC (y) of
each sample is obtained (Table 5).

TABLE 5 PREDICTION RESULTS FROM ROCK PERMEABILITY CLASSIFICATION OF AN OILFIELD

RPC?
Sample Sample X Classification method MRA
type No. y C-SVM  NBAY BAYSD
y R%) y R®%) y R®) y R(®%)
1 3 3 0 2 333 3 0 28 79
2 2 2 0 2 0 2 0 22 112
3 1 1 0 1 0 1 0 0.7 310
4 1 1 0 1 0 1 0 10 28
Learning 5 2 2 0 2 0 2 0 19 64
samples 6 2 2 0 3 50 2 0 18 97
7 3 3 0 3 0 3 0 27 117
8 1 1 0 1 0 1 0 14 352
9 3 3 0 3 0 30 33 96
10 1 1 0 2 100 1 0 13 326
Prediction ;) 2 20 20 20 23 134
samples

#RPC= rock permeability classification (1-high permeability, 2—intermediate permeability, 3—low permeability) determined by Table 2.
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From Table 6, it shown that a) the nonlinearity degree of this studied problem is moderate due to R"(%) of MRA is
15.6; and b) the solution accuracies of C-SVM, NBAY and BAYSD are high, moderate and high, respectively.
Therefore, a) C-SVM and BAYSD are obviously available; though the solution accuracy of NBAY is moderate, it is
inapplicable.

TABLE 6 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) TO ROCK
PERMEABILITY CLASSIFICATION OF AN OILFIELD

Mean absolute relative residual Dependence of the predicted Time

Fitting value (y) on independent consuming Solution
Method - - . -
formula R1(%) R2(%) R () variables (X3, Xa, X3), on PC accuracy
in decreasing order (Intel Core 2)
c-sym  Nonlinear, 0 0 N/A 55 High
explicit
NBay  Nonlinear g 16.7 N/A <ls Moderate
explicit
Nonlinear, .
BAYSD explicit 0 0 0 X2, X3, X1 1s High
Linear, Moderate
MRA explicit 158 134 156 X2 Xa X <ls nonlinearity

3.2 Case Study 2: The Oil Layer Classification of the Keshang Formation

The objective of this case study is to calculate oil layer productivity index (OLPI) and to conduct oil layer
classification (OLC) in glutenite for oil wells, which has practical value when oil test data is less limited.

Using data of 14 learning samples and 4 prediction samples from the Keshang Formation in the District 8 of
Kelamayi Oilfield in western China, and each sample contains 3 parameters (x; = porosity, X, = permeability, x3 =
resistivity) and an oil test result (y' = OLPI and OLC), see Table 10.1 in [1], [1] adopted R-SVM, BPNN and MRA
for the prediction of OLPI, and adopted C-SVM and BAY SD for the prediction of OLC. In this case study, NBAY is
added for the prediction of OLC, and the results related to method comparison are listed in Tables 7 and 8.

4 Six CASE STUDIES OF THE CLASSIFICATION PROBLEM

4.1 Case Study 3: The Reservoir Classification of the Fuxin Uplift

The objective of this case study is to conduct reservoir classification (RC), which has practical value when well test
data is less limited.

Using data of 25 learning samples from the fourth stage of Nanquan in the Fuxin Uplift of Jilin Oilfield in eastern
China, and each sample contains 5 parameters (X; = sandstone thickness, x, = porosity, Xz = permeability, x4 =
carbonate content, xs = mud content) and a well test result (y* = reservoir type), [21] adopted Bayesian discrimination
for the prediction of RC. Among these 25 samples, 20 were taken as learning samples and 3 as prediction samples
for the prediction of RC by C-SVM and BAYSD [1]. In this case study, among these 25 samples, 20 are taken as
learning samples and one as prediction sample (Table 9) by C-SVM, NBAY and BAYSD.

TABLE 7 COMPARISON AMONG THE APPLICATIONS OF REGRESSION METHODS (R-SVM, BPNN AND MRA) TO OIL LAYER
PRODUCTIVITY INDEX OF THE KESHANG FORMATION

Mean absolute relative residual Dependence of the predicted Time

Fitting value (y) on independent  consuming Solution
Method _ _ . -
formula R R2(%) R @ variables (X, Xa, X3), on PC accuracy
in decreasing order (Intel Core 2)
R-SVMNOMINeAr 09 5o 867.647 3558 NIA 35 Low
explicit
gpnn Nonlinear ;20 4507 2378 NIA 30s Moderate
implicit
MRA SIN€3h 9135 4148 1555 xp X X; <ls Low
explicit

TABLE 8 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) TO OIL
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LAYER CLASSIFICATION OF THE KESHANG FORMATION

Mean absolute relative residual  Dependence of the predicted Time

Fitting value (y) on independent consuming Solution
Method - _ I :
formula R1(%) R2(%) R () variables (Xy, X, X3), on PC accuracy
in decreasing order (Intel Core 2)
c-sym  Nonlinear, 0 0 N/A 55 High
explicit
nBay  Nomfinear o, og 1111 N/A <ls Moderate
explicit
Nonlinear, .
BAYSD explicit 0 0 0 X9, X1, X3 1s High
MRA  Linean 6.26 9.59 7 Xa, X1, X <ls weak
explicit nonlinearity

TABLE 9 INPUT DATA FOR RESERVOIR CLASSIFICATION OF THE FUXIN UPLIFT

Five parameters related to y

Sample Sample  Well Layer b
type No. No. No. X X X3 Xq X5 y
Mm (%) @0%m?) (%) (%)
1 M-138 7 4 1568 082 16 668 2
2 M-138 5 7 143 0379 307 163 3
3 M-133 4 44 1453 0.73 403 1088 2
4 M-133 4 5 168 168 255 736 2
5 M-134 10 54 1465 6 247 56 1
6 M-134 11 24 155 10 28 62 1
7 M-134 10 174 125 184 6.98 1537 3
8 M-134 10 24 1325 16 19 1352 3
9 M-134-1 8 3 143 135 24 955 2
Leaming 10 M-134-1 7 18 1347 0.89 287 1625 3
samples 11 M-4 9 48 1326 6.96 39 5 1
12 M-4 9 18 1347 433 583 1597 3
13 M-112 12 18 17 089 13 1178 3
14 M-112 3 35 926 02 276 1859 3
15 M-112 4 7 82 o1l 55 2001 4
16 M-112 2 25 635 002 865 2592 3
17 M-112 3 5 168 407 08 102 1
18 M-135 7 36 1102 05 116 1494 3
19 M-135 4 48 938 0.6 425 17 3
20 M-135 10 54 873 008 23 1342 3
Prediction M-4 10 61 1688 6.26 205 45 (1)
samples

2 x,= sandstone thickness, x, = porosity, x; = permeability, X, = carbonate content, x; = mud content.
Py" = RC = reservoir classification (1—excellent, 2—good, 3-average, 4—poor) determined by the well test, number in parenthesis is not
input data, but is used for calculating R(%).

Using the 20 learning samples (Table 9) and by C-SVM, NBAY and BAYSD, the following three functions of RC (y)
with respect to 5 independent variables (X1, X2, X3, Xs, X5) have been constructed.

Using C-SVM, the result is an explicit nonlinear function corresponding to Eq. 13:
y=C-SVM(Xy, X2, X3, X4, X5) (26)
with C=32, y =0.5, 16 free vectors x;, and CVA=90%.

Using NBAY, the result is an explicit nonlinear discriminate function corresponding to Eq. 15:

s 1 —(x; = 1y)° _
N, (x) = Hj‘l{g“\/ﬁe)(p{ 201?, J} (=1, 2,3, 4) 27
where for =1, ¢,=1.175, 1.287, 2.142, 1.111, 2.037, yj3=4.4, 15.052, 6.757, 2.493, 6.75; for 1=2, 6;,=0.728, 0.998,
0.389, 0.877, 1.683, u;,=4.1, 15.327, 1.145, 2.645, 8.618; 1=3, 0j5=1.682, 2.914, 1.205, 2.325, 3.536, 3=0, 0, 0, 0, O;
I=4, 64=3.1, 0.66, 0.627, 0.71, 0.71, uj4=7, 8.2, 0.11, 5.5, 29.01.

Using BAYSD, the result is an explicit nonlinear discriminate function corresponding to Eq. 17:
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B, (X) =1In(0.2) —95.7 + 7.581x, + 4.605x, +9.076x, —1.463x, + 4.599x,
B, (x) =In(0.2) — 67.7 + 5.235x, +5.15X, +3.339x, + 0.684x, + 3.408x, 28)
B, (X) = In(0.55) — 76.05 + 5.169%, + 4.793, + 4.797x, — 0.777x, + 4.763%;

B, (X) =1In(0.05) —152+ 8.266x, + 5.288x, +8.53x, — 2.798X, + 7.491x,

From the successive process, RC (y) is shown to depend on the 5 independent variables in decreasing order: Xs, Xs, X1,
X4, and X,.

Though MRA is regression method but not classification method, MRA can provides the nonlinearity degree of the
studied problem, and thus it is required to run MRA.

Using MRA, the result is an explicit linear function corresponding to Eq. 12:

y=1.895-0.090332x,+0.004592x,—0.12934x5—0.043057x, +0.093862xs (29)
Equation 29 yields a residual variance of 0.17037 and a multiple correlation coefficient of 0.91084. From the
regression process, RC (y) is shown to depend on the 5 independent variables in decreasing order: Xs, X3, X1, X4, and
Xo.

Substituting the values of 5 independent variables (X1, X, X3, X4, Xs) given by the 20 learning samples and one
prediction sample (Table 9) in Egs. 26, 27 (and then use Eq. 16), 28 (and then use Eq. 18) and 29, respectively, the
RC (y) of each sample is obtained (Table 10).

From Table 11, it shown that a) the nonlinearity degree of this studied problem is moderate due to R™(%) of MRA is
13.41; and b) the solution accuracies of C-SVM, NBAY and BAYSD are all high. Therefore, C-SVM, NBAY and
BAYSD are all available.

4.2 Case Study 4: The Reservoir Classification of the Baibao Oilfield

The objective of this case study is to conduct reservoir classification (RC), which has practical value when well test
data is less limited.

Using data of 29 learning samples from the Chang 3 and Chang 4+5 of Triassic Formation of Baibao Oilfield in
Ordos Basin in western China, and each sample contains 4 parameters (x; = mud content, X, = porosity, xz =
permeability, X, = permeability variation coefficient) and a well test result (y" = reservoir type), [22] adopted
Bayesian discrimination for the prediction of RC. Among these 29 samples, 25 were taken as learning samples and 3
as prediction samples for the prediction of RC by C-SVM and BAYSD [1]. In this case study, among these 29
samples, 24 are taken as learning samples and 3 as prediction samples for the prediction of RC (Table 12) by C-SVM,
NBAY and BAYSD.

TABLE 10 PREDICTION RESULTS FROM RESERVOIR CLASSIFICATION OF THE FUXIN UPLIFT

RC?
Sample Sample X Classification method MRA
type No. Yy C-SVM  NBAY BAYSD
y R%) y R®%) y R®%) vy R(%)
1 2 2 0 2 0 2 0 2.06 2.89
2 3 30 3 0 3 0 2.68 10.8
3 2 2 0 2 0 2 0 232 159
4 2 2 0 2 0 2 0 188 5.79
5 1 1 0 1 0 1 0 112 118
6 1 1 0 10 10 092 8.26
Learning 7 3 3 0 3 0 3 0 270 100
samples 8 3 3 0 3 0 3 0 272 9.36
9 2 2 0 2 0 2 0 231 154
10 3 30 3 0 3 0 3.08 2.70
11 1 1 0 1 0 1 0 0.92 7.65
12 3 3 0 3 0 3 0 248 173
13 3 30 3 0 3 0 2,75 8.0
14 3 3 0 3 0 3 0 3.22 7.39
-24 -

http://lwww.sjie.org



15 4 4 0 3 25 4 0 377 5.69
16 3 3 0 3 0 3 0 376 252
17 1 1 0 10 10 192 917
18 3 3 0 3 0 3 0 291 3.06
19 3 3 0 3 0 3 0 290 3.45
20 3 3 0 3 0 3 0 260 134
Prediction 1 1 0 10 10 095 5.40
samples

#RC = reservoir classification (1-excellent, 2-good, 3—average, 4-poor) determined by the well test.

TABLE 11 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) TO
RESERVOIR CLASSIFICATION OF THE FUXIN UPLIFT

Mean absolute relative residual  Dependence of the predicted Time

Fitting value (y) on independent consuming Solution
Method = _ I :

formula R1(%) R2(%) R () variables (Xy, X2, X3, Xs, Xs), on PC accuracy

in decreasing order (Intel Core 2)

Nonlinear, .
C-SVM explicit 0 0 0 N/A 5s High
NBAy  Nonlinear, , o 0 1.19 N/A <ls High

explicit

Nonlinear, .
BAYSD explicit 0 0 0 X5, X3, X1, X4, X2 1s High

Linear, Moderate
MRA explicit 13.81 5.40 13.41 Xs, X3, X1, X4, X2 <ls nonlinearity

Using the 24 learning samples (Table 12) and by C-SVM, NBAY and BAYSD, the following three functions of RC
(y) with respect to 4 independent variables (X3, X2, X3, X4) have been constructed.

Using C-SVM, the result is an explicit nonlinear function corresponding to Eq. 13:
y:C_SVM(le X2, X3, X4) (30)
with C=2048, y =0.03125, 8 free vectors x;, and CVA=95.8333%.

Using NBAY, the result is an explicit nonlinear discriminate function corresponding to Eq. 15:

Nl(x):H‘}_l{ i/z_exp(_(sz_f‘ ) ]} (I=1, 2, 3, 4) (31)
O-jl T O'jl

where for =1, ¢,=1.551, 2.709, 2.913, 0.046, 4;;=10.87, 17.91, 33.252, 0.51; for =2, ¢j,=1.617, 1.056, 4.27, 0.14,
u2=13.825, 12.783, 17.917, 1.043; |=3, 6;3=5.562, 1.462, 0.546, 0.456, 143=17.987, 8.011, 0.85, 1.792; 1=4, 6j,=3.1,
0.66, 0.627, 0.71, ujs=15.3, 0.84, 0.652, 2.11.

Using BAYSD, the result is an explicit nonlinear discriminate function corresponding to Eq. 17:

B, (x)=1In(0.167) —81.17 + 0.559x, +5.248X, +1.881x, — 0.547X,
B, (X) =In(0.5) —39.3+ 0.816X, + 3.871x, +0.858X, + 2.356X,

B, (X) =1In(0.25) — 26.4 +1.131x, + 2.654x, —0.312x, + 6.397x,
B, (X) =1In(0.083) —19.82+ 0.5x, — 0.466x, +0.245x, +15.275X,

From the successive process, RC (y) is shown to depend on the 4 independent variables in decreasing order: Xs, Xz, X4,
and Xx,.

(32)

TABLE 12 INPUT DATA FOR RESERVOIR CLASSIFICATION OF THE BAIBAO OILFIELD

Four parameters related to y

Sample Sample  Well  Layer b
type No. No. No. X1 X2 X3 X y
(%) (%)  (10°%um?) ™
1 B102 C3° 272 9.074 0.068 269 3
Learning 2 B102 C3® 109 21.66 36.6 051 1
samples 3  B102 C4+5' 1374 1364 159 1.01 2
4 B107 C3? 184 0.18 0.025 2.82 4
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5 B108 C3° 8.48 19.27 28.62 057 1
6 B108 C4+5* 1398 1244 1572 083 2
7 B110 C4+5* 1058 12.03 14.01 1.07 2
8 Bl12 C4+5' 1191 916 0.77 193 3
9 B123 3¢ 125 1513 2212 127 2
10 B130 C3? 143 119 15.39 121 2
11 B202 C4+5' 122 15 1.28 14 4
12 B205 C3* 134 568 081 135 3
13 B205 C3° 2026 9.45 1.89 1.83 3
14 B205 C4+5' 1278 1234 1271 114 2
15 B205 C4+5° 128 1491 3342 044 1
16 B206 C3° 1326 635 0.98 158 3
17 B206 C4+5' 142 1384 21.34 092 2
18 B206 C4+52 113 158  34.37 052 1
19 B210 C3* 21.89 835 0.8 137 3
20 B210 C4+5* 1432 1157 1872 101 2
21 B215 C3? 136 1296 1561 098 2
22 B215 C4+5* 1403 13.78 28.23 10 2
23 B217 C3° 17.98 1153 20.73 084 2
24 B217 C4+5' 1389 1224 1453 123 2
25 B219 C3° 1474 1232 2379 084 (2
Prediction 26 H186 C4+5% 1865 5.13  0.48 1.15 (3)
samples 27 W4  C4+5%2 199 109  0.003 384 (4)

& x;= mud content, X, = porosity, X3 = permeability, x, = permeability variation coefficient.

by"= RC = reservoir classification (1—excellent, 2-good, 3-average, 4-poor) determined by the well test, number in parenthesis is not
input data, but is used for calculating R(%).

Though MRA is regression method but not classification method, MRA can provides the nonlinearity degree of the
studied problem, and thus it is required to run MRA.

Using MRA, the result is an explicit linear function corresponding to Eq. 12:

y=3.3863—-0.003977x;—0.096887x,—0.020654x5+0.2729x, (33)
Equation 33 yields a residual variance of 0.05788 and a multiple correlation coefficient of 0.97063. From the
regression process, RC (y) is shown to depend on the 4 independent variables in decreasing order: Xy, X3, Xz, and X;.

Substituting the values of 4 independent variables (x1, X2, X3, X4) given by the 24 learning samples and 3 prediction
samples (Table 12) in Egs. 30, 31 (and then use Eqg. 16), 32 (and then use Eq. 18) and 33, respectively, the RC (y) of
each sample is obtained (Table 13).

From Table 14, it shown that a) the nonlinearity degree of this studied problem is weak due to R™(%) of MRA is 8.77;
and b) the solution accuracies of C-SVM, NBAY and BAYSD are all high. Therefore, C-SVM, NBAY and BAYSD
are all available.

TABLE 13 PREDICTION RESULTS FROM RESERVOIR CLASSIFICATION OF THE BAIBAO OILFIELD

RC?
Sample Sample Classification method MRA
type No. y’ C-SVM NBAY  BAYSD
y R% y R®%) y R®%) vy R(%)

1 3 30 30 30 313 439
2 1 1 0 1 0 1 0 0.63 37.2
3 2 2 0 2 0 2 0 196 213
4 4 4 0 4 0 4 0 406 1.62
5 1 1 0 1 0 1 0 1.05 5.00

Learning 6 2 2 0 2 0 2 0 203 136

samples 7 2 2 0 2 0 2 0 218 9.07
8 3 30 30 30 296 1.26
9 2 2 0 2 0 2 0 176 12
10 2 2 0 2 0 2 0 219 9.44
11 4 4 0 4 0 4 0 355 113
12 3 30 30 30 313 4.48
13 3 3 0 3.0 3.0 2.85 4.98
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14 2 2 0 2 0 2 0 219 942
15 1 1 0 10 10 132 321

16 3 3 0 30 30 313 431

17 2 20 2 0 2 0 180 10

18 1 1 0 10 10 124 243

19 3 3 0 30 30 285 4.93

20 2 20 2 0 2 0 210 487

21 2 2 0 2 0 2 0 202 1.08

22 2 2 0 2 0 2 0 169 157

23 2 2 0 2 0 2 0 200 0.06

24 2 2 0 2 0 2 0 218 9.04

siction 28 2 2 0 2 0 2 0 187 641
gﬁ]gfgf” 26 3 3 0 3 0 3 0 312 3.97
27 4 4 0 4 0 4 0 425 6.24

#RC = reservoir classification (1-excellent, 2-good, 3-average, 4-poor) determined by the well test.

TABLE 14 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) TO
RESERVOIR CLASSIFICATION OF THE BAIBAO OILFIELD

Mean absolute relative residual Dependence of the predicted  Time

Fitting value (y) on independent consuming Solution
Method _ _ . :
formula R1(%) R2(%) R ) variables (X1, Xo, X3, X4), on PC accuracy
in decreasing order (Intel Core 2)
c-sym  Nonlinear, 0 0 N/A 5s High
explicit
Nonlinear, .
NBAY explicit 0 0 0 N/A <ls High
Nonlinear, .
BAYSD explicit 0 0 0 X3, X2, X4, X1 1s High
MRA  Linean 9.17 5.54 8.77 Xa, Xa Xa, X1 <ls Weak
explicit nonlinearity

4.3 Case Study 5: The Oil Layer Classification of the Lower H3 Formation

The objective of this case study is to conduct oil layer classification in clayey sandstone, which has practical value
when oil test data is less limited.

Using data of 24 learning samples and 8 prediction samples from the lower H3 Formation in the Xia’ermen Oilfield
of Henan oil province in central China, and each sample contains 8 parameters (X; = SP, Xo = Ryol, X3 = Ryo2, X4 = At,
Xs = R,0.45, Xg = Ra4, X, = Cond, xg = Cal) and an oil test result (y* = oil layer type), see Table 10.7 in [1], [1] adopted
C-SVM and BAYSD. In this case study, NBAY is added, and the results related to method comparison are listed in
Table 15.

TABLE 15 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) To OIL
LAYER CLASSIFICATION OF THE LOWER H3 FORMATION

Mean absolute relative residual Dependence of the predicted  Time

Method Fitting value (y) on independent consuming Solution

formula R100) R20%) . variables x; (=1, 2, ..., 8), on PC accuracy
’ ’ R (%) in decreasing order (Intel Core 2)

c-sym  Nonlinear, 0 0 N/A 55 High
explicit

NBAy ~ Nonlinear, 0 0 N/A <1s High
explicit
Nonlinear, .

BAYSD explicit 0 0 0 Xs, Xg Xy X1, X3, X2, X4, X7 1s High
Linear, Weak

MRA explicit 1.68 15.11 5.04 Xs, Xg Xes X1, X4, X2, X3, X7 <ls nonlinearity

4.4 Case Study 6: The Trap Evaluation of the Northern Kuga Depression

The objective of this case study is to conduct optimal selection of traps, which has practical value in the stage of
rolling exploration.
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Using data of 27 learning samples and 2 prediction samples from the Northern Kuga Depression of the Tarim Basin
in western China, and each sample (trap) contains 14 parameters (x; = unit structure, x, = trap type, X3 = petroliferous
formation, x4 = trap depth, x5 = trap relief, x¢ = trap closed area, x; = formation HC identifier, xg = data reliability, Xo=
trap coefficient, x;o = source rock coefficient, x;; = reservoir coefficient, x;, = preservation coefficient, x;3 =
configuration coefficient, x,4 = resource quantity) and an integrated evaluation results by geologists (y" = trap
quality), see Table 3.6 in [1], [1] adopted C-SVM and BAYSD. In this case study, NBAY is added, and the results
related to method comparison are listed in Table 16.

TABLE 16 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAY SD) TO TRAP
CLASSIFICATION OF THE NORTHERN KUQA DEPRESSION

Mean absolute relative residual  Dependence of the predicted Time

Method Fitting value (y) on independent consuming Solution

formula R1%) R2(%) R () variables x; (=1, 2, ..., 14), on PC accuracy
in decreasing order (Intel Core 2)

c-sym  Nonlinear, 0 0 N/A 55 High
explicit

NBay  Nonlinear, g oq 25 1034  N/A <ls Moderate
explicit

BAYSD Non!lqear, 0 0 0 X 12, X10, X9, X4, X5, X11, Xg, Xs, 1s High
explicit X141 X1, X2, X7, X13, X3
Linear, X 12, X10, X, X4, X5, X11, Xg» Xs, Moderate

MRA explicit 9.93 16.83 10.41 X14, X1, X2, X7, X13, X3 <ls nonlinearity

4.5 Case Study 7: The Fracture Prediction of Wells Anl1 and An2

The objective of this case study is to predict fractures using conventional well-logging data, which has practical
values when the data of imaging log and core sample are limited.

Using data of 29 learning samples and 4 prediction samples from Wells Anl and An2 in the Anpeng QOilfield at the
southeast of the Biyang Sag in Nanxiang Basin in central China, and each sample contains 7 parameters (x; =
acoustictime, x, = compensated neutron density, x3 = compensated neutron porosity, X, = micro-spherically focused
resistivity, Xs = deep laterolog resistivity, xs = shallow laterolog resistivity, x; = absolute difference of x5 and xg) and
the imaging log (y" = fracture identification), see Table 3.10 in [1], [1] adopted C-SVM. In this case study, NBAY
and BAYSD are added, and the results related to method comparison are listed in Table 17.

4.6 Case Study 8: The Gas Layer Classification of the Tabamiao Area

The objective of this case study is to conduct gas layer classification in tight sandstones, which has practical value
when gas test data is less limited.

Using data of 38 learning samples and 2 prediction samples from the Tabamiao area at the northeast of the Yishan
Slope in Ordos Basin in western China, and each sample contains 3 parameters (X; = porosity, X, = permeability, x3 =
gas saturation) and a gas test result (y" = gas layer type), see Table 4.1 in [1], [1] adopted C-SVM. In this case study,
NBAY and BAYSD are added, and the results related to method comparison are listed in Table 18.

TABLE 17 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) TO
FRACTURE PREDICTION OF WELLS AN1 AND AN2

Mean absolute relative residual  Dependence of the predicted Time

Method Fitting value (y) on independent consuming Solution

formula R1(%) R2(%) R (%) variables x; (=1, 2, ..., 7), on PC accuracy
in decreasing order (Intel Core 2)

c-sym  Nonlinear, 0 0 N/A 55 High
explicit

NBay  Nomlinear 4507 g 1061 N/A <Is Moderate
explicit
Nonlinear, .

BAYSD explicit 0 0 0 Xs, X2, Xa, X7, X3, Xgy X1 1s High
Linear, Moderate

MRA explicit 16.2 22.79 16.99 Xs, X2, Xa, X7, X3, Xgy X1 <ls nonlinearity
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TABLE 18 COMPARISON AMONG THE APPLICATIONS OF CLASSIFICATION METHODS (C-SVM, NBAY AND BAYSD) TO GAS
LAYER CLASSIFICATION OF THE TABAMIAO AREA

Mean absolute relative residual  Dependence of the predicted Time

Fitting value (y) on independent consuming Solution

Method - _ I :
formula R1(%) R2(%) R () variables (X1, X, X3), on PC accuracy

in decreasing order (Intel Core 2)

c-sym  Nonlinear, 0 0 N/A 55 High
explicit

NBAy  Nonhinear, 4y 4, g 2058  NI/A <ls Moderate
explicit

BAaysp Nonlinear, g., 7L Xe Xu % 1s High
explicit

MRA LML 593 4250 2000 g% <ls Moderate
explicit nonlinearity

5 SUMMARY OF EIGHT CASE STUDIES

From Tables 4, 6, 7, 8, 11, 14, 15, 16, 17 and 18, Tables 19 and 20 summarize the two rules of the proposed method
optimization applied to the eight case studies. Table 19 is for the classification-regression problem, while Table 20 is
for the classification problem.

From Table 19, it is seen that if a regression problem has strong nonlinearity, it is required to convert the problem
from regression to classification.

From Tables 19 and 20, it is seen that if a classification problem is of weak or moderate nonlinearity, SVM and
BAYSD are available, whereas NBAY is sometimes available.

Among the aforementioned six methods, each of MRA and BAYSD can serve as a pioneering dimension-reduction
tool, respectively, because the two methods all can give the dependence of the predicted value (y) on independent
variables (Xq, Xo, ..., Xm), in decreasing order. However, because MRA belongs to data analysis in linear correlation
whereas BAYSD is in nonlinear correlation, in applications the preferable tool is BAYSD, and the next is MRA. The
called “pioneering tool” is whether it succeeds or not needs a high-class nonlinear tool (e.g. BPNN for regression
problem, C-SVM for classification problem) for the validation, so as to determine how many independent variables
can be reduced. For instance, [6] indicated that a 16-D problem (X, X2, X3, X4, X5, Xg, X7, Xg, Xa, X10, X11, X12, X13, X14, X15,
y) can be reduced to 8-D problem (X, X4, Xs, Xg, X10, X11, X15, ¥).

Comparing to C-SVM and BAYSD when the nonlinearity degree of a studied problem is weak or moderate, they are
all available, but a) BAYSD runs much faster than C-SVM, b) it is easy to code the BAYSD program whereas very
complicated to code the C-SVM program, and ¢) BAYSD can serve as a pioneering dimension-reduction tool, so
BAYSD is conditionally better than C-SVM.

TABLE 19 SUMMARY OF CASE STUDIES 1 AND 2

Nonlinearity ~ Regression method Classification method
Case study gifl'gid by Rsvm BPNN MRA C-SVM  NBAY BAYSD
Case study 1 Unavailable Unavailable  Unavailable
(regression) Strong . . . N/A N/A N/A
See Table 4 (R %) =126.0) R (»=24.0 (R (%) =269.7)
Case study 1 Available  Unavailable ~ Available
(classification) Moderate N/A N/A R" %) =15.6 . _ .
See Table 6 (R ®=0) (R (% =16.7) (R (%) =0)
Case study 2 Unavailable Unavailable  Unavailable
(regression) Strong . . . N/A N/A N/A
See Table 7 (R %) =355.8) R (»=23.78 (R (%) =155.5)
Case study 2 Available  Unavailable ~ Available
(classification) Weak N/A N/A R %) =7 . . .
See Table 8 (R®=0) (R ®=11.11) (R % =0)
TABLE 20 SUMMARY OF CASE STUDIES 3 TO 10
Case study Nonlinearity MRA Classification method
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defined by

C-SVM NBAY BAYSD
Rule 1

?TSE §]E{de_3 ) Mo Available  Available Available
classification oderate R @) = . . .

Son Table 11 RM=13AL 2y 20) (Rw=119) (R ® =0)
Case study 4 Available  Available Available
(classification) Weak R" %) =8.77 L . .

See Table 14 (R ®=0) (R % =0) (R () =0)
Case study 5 Available  Available Available
(classification) Weak R" () =5.04 a _a _

See Table 15 (R®=0) (R ®=0) (R (%) =0)
Case S_t{de_G Available  Unavailable Available
(classification) Moderate R" %) =10.41 . . .

See Table 16 (R ®=0) (R =10.34) (R W) =0)
Case ?tl_JdY_7 Available  Unavailable Available
(classification) Moderate R () =16.99 L L .

See Table 17 (R ®=0) (R ) =10.61) (R W) =0)
Case study 8 Available  Unavailable Available
(classification) Moderate R (%) =29.99 . . .

See Table 18 (Rw=0) (R ()=29.58) (R (»=7.71)

6 CONCLUSIONS

In this paper, a method optimization is proposed. Through the aforementioned eight case studies, five major
conclusions can be drawn as follows:

1) the proposed two rules (nonlinearity degree of a studied problem, solution accuracy of a given method
application) of the proposed method optimization are practical;

2) the total mean absolute relative residual R"(%) of MRA can be used to measure the nonlinearity degree of a
studied problem, and thus MRA should be run at first;

3) any of R-SVM, BPNN and MRA cannot be applied to any regression problems with strong nonlinearity, but
C-SVM, NBAY or BAYSD could be applied if the problems are converted from regression to classification;

4) if a classification problem has weak or moderate nonlinearity, SVM and BAYSD are available, whereas
NBAY is sometimes available;

5) in general, the preferable method for regression problems is BPNN, and the next are R-SVM and MRA, while
the preferable method for classification problems with weak or moderate nonlinearity is C-SVM or BAYSD, and the
next is NBAY.
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