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A bstracr 

The accuracy of an artificial neural network (ANN) algorithm is a crucial issue in the estimation of 
an oil field reservoir’s properties from remotely sensed seismic data. This paper demonstrates the 
use of the k-fold cross validation technique to obtain confidence bounds on an A N N ’ s  accuracy 
statistic from a finite sample set. In addition, we also show that an A N N ’ s  classification accuracy 
is dramatically improved by transforming the ANN’s input feature space to a dimensionally 
smaller, new input space. The new input space represents a feature space that maximizes the linear 
separation between classes. Thus, the ANN’S convergence time and accuracy are improved because 
the ANN must merely find nonlinear perturbations to the starting linear decision boundaries. 
These techniques for estimating ANN accuracy bounds and feature space transformations are 
demonstrated on the problem of estimating the sand thickness in an oil field reservoir based only 
on remotely sensed seismic data. 

1 .  Introduction 

The overall objective of our research is to 
demonstrate the viability of Artificial Neural 
Network (ANN) algorithms in estimating oil 
field reservoir parameters from remotely sensed 
seismic data. To accomplish this one must first 
develop a technique to obtain an unbiased 
accuracy measure from a finite sample set. This 
measure will allow for meaningful comparisons 
between different ANN methods and architectures, 
as well as meaningful comparisons between the 
multitude of different data preprocessing methods. 
The objectives of this paper are twofold: (1) 
demonstrate the use of the k-fold cross validation 
technique to obtain confidence bounds on an 
A N N ’ s  accuracy statistic from a finite sample 
set, and (2) demonstrate that an ANN’S 
classification accuracy is dramatically improved 

by transforming the data into a feature space that 
maximizes the linear separation between classes. 

One often sees the performance of a classifier 
reported as the accuracy it achieves on a test set 
of data. This accuracy measure by itself is 
meaningless. It represents a single instantiation 
of the random variable representing the accuracy 
statistic. What we seek is an estimate of the 
classifier’s accuracy on all possible samples (the 
population) from an unknown probability 
distribution. The data set (training plus test sets) 
represents a single, finite-sized sample set from 
the population. The question we need to answer 
is: How representative is the classifier’s sample 
accuracy of the classifier’s population accuracy? 
The k-fold cross validation approach is used to 



DISCLAIMER 

Portions of this document may be illegible 
in electronic image products. Images are 
produced from the best available original 
document. 



DISCLAIMER 

This report was prepared as an account of work sponsored by an agency of the United 
States Government. Neither the United States Government nor any agency thereof, nor 
any of their employees, make any warranty, express or implied, or assumes any legal liabili- 
ty or responsibility for the accuracy, completeness, or usefulness of any information, appa- 
ratus, product, or process disdased, or represents that its use would not infringe privately 
owned rights. Reference herein to any specific commercial product, process, or service by 
trade name, trademark, manufacturer, or otherwise does not necessarily constitute or 
imply its endorsement, recommendation, or favoring by the United States Government or 
any agency thereof. The views and opinions of authors expressed herein do not necessar- 
ily state or reflect those of the United States Government or any agency thereof. 



, 

answer this question and is described in Section 
3, and it is applied to all results reported here. 

Armed with a meaningful measure of a 
classifier‘s performance, we can now investigate 
the effects of different ANN architectures and data 
preprocessing methods on the accuracy in 
estimating oil field reservoir parameters. It is 
often said that the art in obtaining accurate 
estimates lies in the data preprocessing 
techniques. In Section 4, we present a 
preprocessing technique that transforms the 
ANN’S input feature space to a dimensionally 

‘smaller, new input space. The new input space 
represents a feature space that maximizes the 
linear separation between classes. We show in 
Section 4 that this improves the A N N ’ s  
convergence time and accuracy. 

We begin this paper by outlining the parameter 
estimation problem for oil field reservoirs, and 
describing the data set used here to illustrate our 
approaches to accuracy estimation and data 
transformation. 

2 .  Reservoir Parameter 
Estimation Problem 

The overall objective of our research is to 
demonstrate the effectiveness ANN computing 
techniques in providing an accurate estimation of 
petrophysical parameters that describe reservoir 
properties. Specifically, can ANNs accurately 
obtain functional relationships between 
perturbations of subsurface rock properties (e.g., 
sand layer thickness, effective porosity, ratio of 
clay to sand, and saturation) and seismici response 
information (e.g., depth, s- and pwave 
velocities, amplitude-versus-offset (AVO) slope 
and intercept)? 

The oil industry acquires and processes large 
volumes of seismic data. In conjunction with 
various types of geoscience data (e.g., log, core, 
geochemical, gravity, magnetic, remote sensing 
data), attempts are made to locate prospective 
places for oil and gas reservoirs. This data is 
extensively manipulated before it is analyzed and 
interpreted. Every data manipulation step is 
important and data processing can be time 
consuming and expensive. It is imperative that 
the efficiency of the data manipulation and data 
reduction be improved. Thus. it is expected that 

ANNs can help the oil industry in two regards: 
(1) improved efficiency in data processing, (2) 
characterization and prediction of reservoir 
properties by training the ANN with known data. 

The characterization and prediction of reservoir 
properties is an important application of A N N s  
in the oil industry. The input data to the 
prediction problem is usually processed and 
interpreted seismic and log data and/or a set of 
attributes derived from the original data set. 
Historically, many “hydrocarbon indicators” have 
been proposed to make such predictions. Among 
some of the statistical approaches are: seismic 
clustering analysis (Aminzadeh and Chattejee 
(1984)) and fuzzy pattern recognition 
(McCormack, 1990). Many of the ANNs 
developed for this purpose are built around the 
earlier techniques for establishing a relationship 
between the raw data and physical properties of 
the reservoirs. 

The research reported here investigates the 
accuracy of ANN computing techniques in 
estimating peuophysical parameters that describe 
reservoir properties based on seismic response 
information. This infomation is derived by 
perturbing each of the different reservoir 
properties. The perturbations in the data set were 
obtained from oil field measurements. This data - 
set will represent a known lithology and will be 
used to judge the ANN’S estimation accuracy. 
Once ANN techniques are developed for this 
problem and their accuracy determined, they will 
be applied to areas with more limited 
information. 

To test the effectiveness of our ANNs in 
predicting different reservoir properties, we start 
with a suite of well logs (seismic velocity and 
density) from a well in a known oil field. The 
first step is to “block” the logs, to generate 
blocked logs that have a limited number of layers 
with constant layer properties, for example using 
the method described in deFigueiredo et a1 (1996). 
Then we generate a suite of elastic models by 
perturbing the following reservoir properties in 
the depth interval of interest: water saturation, 
effective porosity, sand thickness, and sandshale 
ratio. For everyone of these perturbations we 
generate the synthetic seismic shot gather. For 
every gather, we compute different seismic 



attributes within the time window. The attributes 
used in this study are: 

Seismic Attributes 

D EPTHflIME 

GREF-0 

SLOPE-0 

GREF-3 
SLOPE-3 
SLOPE-4 
VINT 
SVINT 
RHOB 

Depth (ft.)/Two-way Seismic Travel Time, this parameter is the average 
velocity of wave propagation from the surface to the reflector position; 
Normalized. Rectified Near Offset Amplitude (AVO). This parameter is 
the average reflection coefficients for the ‘hew offset traces”; 
AVO Least Squares Slope of GREF-0, which is the slope of the 
amplitude; 
Ro Intercept of Unnormalized Signed Amplitude Fit 
G or Slope of Unnormalized Signed Amplitude Fit 
(Ro + G)/2 of GREF-3 and SLOPE-3 
p-wave Velocity of Sands 
s-wave Velocity of Sands 
Density of Sands 

With various perturbations of the reservoir 
properties 152 seismic records were generated. 
Each record represents a time window with as 
many as 338 sample points for each seismic 
attribute. 

Typical reservoir parameters to be estimated are 
the DEPTHflIME attribute against GREF-0 for 
Sand Water Saturation (SWE), Effective Sand 
Porosity (EFETOR), ratio of sandlclay (RATIO), 
and Sand Thickness (THICKNESS). 

In this paper, our accuracy and transformation 
techniques will be demonstrated using the Sand 
Thickness (THICKNESS) data. For this 
problem it suffices to estimate a range of 
THICKNESS values; e.g., 5, 10, 25 ft, etc. 
Thus each range represents a class in a pattern 
classification problem. The objective here will 
be to determine the THICKNESS classes (range) 
from the seismic attributes. 

3 .  k-Fold Cross Validation 
Accuracv Measure 

We want to estimate the ANN performance on all 
future samples presented to it after training. This 
is clearly impossible unless the underlying 
probability distribution that the training samples 
were drawn from is exactly equal to the 
probability distribution from which the future 

examples are drawn. The final application’s 
probability distribution must be “similar” to the 

training probability distribution for a measure of 
accuracy to have any meaning. This statement is 
true for any regression andor pattern recognition 
method. 

Even if this caveat is true and the probability 
distributions are equal, we can only provide an 
estimate P of a statistic p and bound our . 
estimate with a confidence interval because we 
used a finite training set and P is then a random 
variable. One method to estimate the confidence 
interval is to use the de Moivrd-Laplace Theorem 
and the assumptions it entails. It states that the 
probability that P is within tz cp of p with a 
confidence 6 is given by 

where dp  is the variance of P. Only in the limit 
as we train on all possible samples does the 
confidence approach one. Even for this highly 
restricted problem of equivalent underlying 
probability distributions, we are forced to 
estimate confidence bounds on a statistic that 
measures the generalization of the ANN. Thus, 
any estimate of a statistic describing the accuracy 
of an ANN is a random number and by itself is 
meaningless unless it is accompanied by a 
corresponding confidence interval. 



The proportion of successful predictions an ANN 
produces on the population, p ,  is the statistic we 
would like to estimate from a finite sample set as 
our measure of the ANN’s accuracy. The 
proportion of successful predictions P the ANN 
produces on a test set D,3, after its weight 
parameters, w ,  have been fixed to w *  by 
training is given by 

where $ is an indicator function that produces a 
value of one when a sample x i  is drawn from a 
test set D, and the ANN yields the correct output 
vector y i ,  and otherwise its zero. Simply put, 
this is the accuracy of the ANN on the test set 
Or*, 

Holdout Method 
The holdout method is an unbiased fmt-order 
technique to validate a statistic p from a finite 
sample set. The holdout method consists of f 
samples drawn from a set D with a an unknown 
probability distribution to obtain a sample set D, 
. The sample set D, is divided into a training set 
D,, and a test set D,*. The bootstrap .and 
k-foldcross-validation techniques are the two 
main variations of the holdout method. 

The bootstrap method randomly draws members 
for the training and test sets by sampling from 
D, withreplacement. The ANN is mined from 
D,, and tested on D,,,. This process is repted 
with different training and test sets to build an 
estimate of P and it variance o’p.  The 
confidence interval is determined from d p  
accordingly. 

The k-fold-cross-validation technique partitions 
the data in k mutually exclusive partitions. The 
first k - 1 partitions are used for D,, and the kth 
for D,, where the ANN accuracy is computed. 
Next, partitions { 1, 2, ... , k - 2, k} are used D, 
and the k - 1 partition is used for D,,,; then 
partitions (1, 2, _.. , k - 3, k - 1, k }  are used for 
D,, and the k - 2 partition is used for Drc,; and so 
on until k accuracy measures have been obtained 
along with their variance. 

Both of these methods are unbiased in the limit 
that training set consists of I - 1 samples and the 
test set is the single remaining example, and 
where the accuracy estimate and variance are 
computed from all I - 1 permutations of these 
sets. This is the leave-one-out holdout method. 
The unbiased guarantee disappears if these 
conditions are not met. In practice, all C - 1 
permutation sets are seldom used because of the 
labor involved in evaluating ANN algorithms for 
a large number of training and test sets. Usually, 
most researchers divide the data into one training 
and one test set with an equal number of samples 
in each set, or at best a small number of training 
and test sets. Thus, one is left with a potentially 
highly biased ANN accuracy measure with a tight 
confidence bound that may not even be remotely 
close to the population’s accuracy. The 
researcher may therefore be led into a false sense 
of security about the performance of the ANN’s  
results. 

Kohavi (Kohavi ,1995) compared the bias and 
variance tradeoff between the bootstrap and 
k-fold-cross-validation techniques as a function of 
the number of training/test sets. He found that 
bootstrap method has a smaller variance than 
k-fold-cross-validation, but the bias is much 
larger. For this reason, Kohavi concluded that 
k-fold-cross-validation may provide a better 
operational estimate of a classifiers accuracy than 
bootstrap. In addition, he showed for the 
k-fold-cross-validation technique that ten or more 
partitions are sufficient for the sample accuracy 
with a 95% confidence interval to enclose the 
population’s accuracy. For this reason, we 
employed the k-fold-cross-validation technique 
with a k = 10 partitions to estimate our A N N s  
accuracy and confidence intervals. 

4 .  Data Transformations and 
Dimensionaiitv Reduction 

Much of the success with any regression or 
classification algorithm comes in the analysis 
and preparation of the input data. Rather than 
blindly use all seismic attributes for inputs to the 
ANN, we canied out an analysis to determine 
those attributes that carry a significant amount of 
useful information for our problem. This reduces 
the input space’s dimension. Next, we scaled all 
attributes to the same range of values so that no 
one parameter dominates the ANN training 



phase. These steps, discussed below. are crucial 
in achieving the best performance from the ANN. 

Dimensionality Reduction 
In theory we can use all seismic attributes as 
input to the ANN and it should perform 
satisfactorily. The problem with chis, in 
practice, is that the training time is significantly 
increased without much performance 
improvement. The ANN spends time learning 
meaningless correlations amongst a large number 
of input variables due to idiosyncrasies in 
individual training cases. Reducing the number 
of input variables allows the ANN to focus on 
only significant correlations. The problem is to 
find those variables involved in the “significant 
correlations”. We used standard statistical 
measures to determine the “significant variables”. 

A principal component analysis (PCA) is 
traditionally used to determine whether any of the 
variables are highly correlated and should be 
combined. It also indicates those combinations 
of variables that contain large spreads in the data 
on average. Also, it indicates those variables 
that are on average approximately constant and 
can be dropped as a “significant variable”. 

However, for our the pattern classification 
problem, those “insignificant variables” may 
represent the greatest separation between the 
classes, whereas the “significant variables” may 
represent highly overlapping classes 
distributions. 

Data Transformation 
The ANN estimation of the THICKNESS 
parameter was treated as a pattern clssification 
problem because it took on only six discrete 
ranges of sand thickness. Each range was treated 
as a class. To reduce the dimensionality of the 
ANN’S input space, we seek a nonsingular 
transform that preserves the class separation 
while it transforms the original input space X 
into a lower dimensional space Y .  (This section 
follows the notation of Fukunaga 1990.) 

We seek a solution to a criteria function J that 
rewards maximal separation among the classes. 
There are many criteria functions that may be 
chosen, the one we use is given by 

where the within-class scatter S, of samples 
around their expected class mean vectors Mi atr: 
expressed by 

the between-class scatter S, is expressed by 

and the expected vector .of the mixture 
distribution is 

L 

M, = E ( X ) = z P , M , .  

We are looking for a transform A from an n- 
dimensional space X to an rn-dimensional space 
Y (rn c n); 

Y = A T X .  

The optimization of the criteria function is given 
by the following three steps: 
Express J in terms of the rn-dimensional Y-space, * 

J(m) = tr ( S:,S, ,) = tr { ( A’ S W x  A) -I ( A’ S ,  A)} 

take the derivative with respect to A and set it to 
zero, 

and solve for the optimum nonsingular transform 
A ,  

We want to diagonalize the above equation to 
those eigenvalues and their associated 
eignevectors that contribute the most to the 
separation of the classes. Diagonalizing this 
equation is equivalent to simultaneously 
diagonalizing the two matrices S, and S,,. To see 
this we choose a transform A such that 

J = tr (Si’sh) 



ATStixA = I and AT.Sb,A = K 

is satisfied. In general K is not diagonal. The 
first equation above is satisfied if it is chosen to 
be 

where AA and Q A  are the eigenvalue and 
eigenvectormatrices for S,, . Next, we seek to 
diagonalize K by solving for its eigenvalue and 
eigenvector matrices, A, and OK, 

O K T K Q K  = AK and OKTIOK = I. 

Substituting in for K above yields 

A T  ShX A OK = A ‘&,A AK QK 

or 

This transform projects the input space X onto 
the m eigenvectors of S’, sb, that optimize J .  
This projection is closely related to Fisher’s 
Linear Discriminant. The linear discriminant 
boundaries are perpendicular to the line 
connecting M i  and Mi for i f j in this m- 
dimensional space. 

We will transform all the input vectors for the 
THICKNESS problem according the 
transformation, [A,-”* Q~ 

5 .  Results 

The THICKNESS parameter took on only six 
range values (5, 10, 25, 50, 100, 200 ft) for a 
very wide range of input parameter values. We 
treatedeach of the six values as members of six 
different classes and used the ANN to predict the 
THICKNESS class given its input values. The 
adjoint analysis (Toomarian et al, 1992) indicated 
that a fully connected, feedforward, multilayered 
ANN is an appropriate architecture for this 
pattern classification problem. 

The ANN input space initially consisted of 

SVINT, and RHOB seismic parameters. A 
GREF-0, SLOPE-0, GREF-3. SLOPE-3, VINT, 

transformation to an eigenspace (as discussed in 
Section 4) red& the number of inputs to five 
eigenvectors. The entire data set was projected 
into this space and linearly scaled to the [0, I] 
interval. 

The ANN’S output consisted of six nodes, one 
for each class. All hidden layer nodes used the 
cunh activation function with a response range 
of [-I ,  I] ,  while the output nodes used a sigmoid 
activation function with a range of [O, 11. 

The entire transformed and scaled data was 
randomly partitioned into ten subsets. These 
partitions were combined according to the 
k-fold-cross-validation procedure into ten training 
and testing pairs, such that 

Training Set # I  

Test Set #I = Partition { 10); 
= Partitions { 1, 2, ... , 9} and 

Training Set #2 

Test Set #2 = Partition 19); 
= Partitions { 1, 2, .... 8, 10) and 

0 

. 
Training Set #IO 

Test Set #IO = Partition { 1 }; 
= Partitions 12, 3, ... , 9}  and 

These sets were used to obtain all accuracy 
estimates and their associated confdence 
intervals . 

The number of hidden layers and the number of 
nodes per hidden layer in the ANN’S architecture 
was determined experimentally. Initially, a 
single hidden layer was used with 10 nodes. All 
weights were initialized with values between 
3 . 1  and Training Set #1 shuffled for 
presentation to the ANN. The ANN’S error on 
Test Set #I  was monitored along with the 
training set’s error as a function of the number of 
epochs (1 epoch = 1 full presentation of the 
training set’s examples). As the number of 
epochs increases both the training set error and 
test error decrease, up to a point where the 
training set error continues to decrease and the 
test set error starts to increase. Just prior to this 
point we extract the error on Test Set #1 and use 
this value in our accuracy estimate. This process 



is repeated for the remaining Sets. The ten 
accuracy estimates are then averaged, variances 
extracted, and their 95% confidence intervals are 
computing according to the formulas outlined in 
Section 3. This process is repeated for each 
ANN of a given size. 

Figure I displays the mean accuracy and 95% 
confidence intervals for ANNs with one and two 
hidden layers and with a differing number of 
nodes in the hidden layers. The input space Llsed 
to generate these points was not transformed to 
the eigenspace, but was the seven seismic 
parameters discussed above. The lower curve 
represents the mean accuracy for an A N N s  with 
10, 20, 30, and 40 nodes in a single hidden layer. 
The upper curve represents the mean accuracy for 
an ANNs with 10 (5x3, 20 (15x5), 25(15x10), 
30 (20x10), and 40 (25x15) nodes in a two 
hidden layers. 

90 

85 

80 

75 

70 

Mean Accuracy vs ANN Size 

5 10 15 20 25 30 35 40 45 
T o l  Number of Hidden Layer N o d e s  

Figure 1 

The two layer ANN architecture provides a higher 
accuracy than a single hidden layer q. 

Figure 2 displays the mean accuracy and 
confidence intervals for ANNs two hidden layers 
and where the input data were transformed into 
the eigenspace. 
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Figure 2 

These results show that the transformed data 
consistently yields a higher accuracy than the 
untransformed data and that the ANN size is 
smaller. In the course of this investigation, we 
also found that number of iterations needed to 
reach convergence is reduced by about a factor of 
213. This is due to the fact that the ANN started 
from an eigenspace that already linearly separates 
the classes and the ANN provides nonlinear 
perturbations to the linear decision boundaries 

Our results indicate that a two hidden layer ANN 
with 15 nodes in the first hidden layer and 10 
nodes in the second will be approximately 94% k 
1% accurate on any future examples drawn from 
the probability distribution that was used to 
generate the trainingkest data. Thus, one can 
expect roughly similar accuracy for any 
THICKNESS estimates generated a similar 
population probability distribution as those used 
in this study. 

6 .  Conclusions 

Our approach focuses on quantitative measures to 
determine the accuracy of ANNs in obtaining 
functional relationships between reservoir 
properties and seismic response data. A 
simulation program provided precise and 
unambiguous data for this study. The seismic 
response data which is used as input to the ANN 
is transformed so that different features do not 
dominate and bias the ANN’S results. The 
k-fold-cross-validation method is used to estimate 
the accuracy and its confidence interval for all 
ANNs used in this study. The number of free 
parameters (size) in the ANN are determined by 
confidence interval measures. 



We also show that an ANN’s classification 
accuracy is dramatically improved by 
transforming the ANN’S input feature space to a 
dimensionally smaller, new input space. The 
new input space represents a feature space that 
maximizes the linear separation between classes. 
Thus, the ANN’s convergence time and accuracy 
are improved because the ANN must merely find 
nonlinear perturbations to the starting linear 
decision boundaries. These techniques for 
estimating ANN accuracy bounds and feature 
space transformations are demonstrated on the 
problem of estimating the sand thickness in an 
oil field reservoir based only on remotely sensed 
seismic data. 
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