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(57) ABSTRACT 
A method for assessing reliability of a prediction model 
constructed from N training data attribute vectors and N 
associated observed values of a speci?ed parameter. Each 
training data attribute vector includes seismic attributes 
obtained from seismic data traces located at or near a Well 
and each associated observed value is obtained from Well 
log or core data from the Well. A predicted value of the 
speci?ed parameter is determined for each of the N training 
data attribute vectors, from the training data attribute vectors 
and the prediction model. A residual is determined for each 
of the N training data attribute vectors, as the difference 
betWeen the associated observed value and the predicted 
value of the speci?ed parameter for the training data 
attribute vector. An attribute vector for the designated loca 
tion is determined. The predicted value of the speci?ed 
parameter at the designated location is determined, from the 
attribute vector for the designated location and the predic 
tion model. N basic probability distributions are determined 
from the N training data attribute vectors, the N associated 
observed values, the N residuals, and the predicted value. N 
basic probability assignments are determined for each of 
three hypotheses that the predicted value is reliable, unre 
liable, and unpredictable, respectively, from the N basic 
probability distributions. A reliability value, an unreliability 
value, and an unpredictability value for the predicted value 
are determined as combinations of the N basic probability 
assignments for each of the three hypotheses. 
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RELIABILITY MEASURES FOR STATISTICAL 
PREDICTION OF GEOPHYSICAL AND 

GEOLOGICAL PARAMETERS IN GEOPHYSICAL 
PROSPECTING 

[0001] This application claims the bene?t of US. Provi 
sional Application No. 60/169,168 ?led on Dec. 6, 1999. 

FIELD OF THE INVENTION 

[0002] This invention relates generally to the ?eld of 
statistical prediction models used in geophysical prospect 
ing. In particular, the invention relates to a method for 
assessing reliability of predicted values for geophysical or 
geological parameters from statistical predictive models 
used in geophysical prospecting. 

BACKGROUND OF THE INVENTION 

[0003] In the ongoing search for subsurface hydrocarbons, 
geophysicists have developed methods for evaluating and 
interpreting the structure and characteristics of the subsur 
face formations of the earth. One such method is the analysis 
of seismic data traces. Of particular importance to geophysi 
cists is the ascertainment of formation structure and char 
acteristics consistent With the presence of hydrocarbon 
deposits. 
[0004] The seismic data traces that are analyZed using the 
method of the present invention are obtained by any con 
ventional means. One of ordinary skill in the art Would 
understand that seismic data traces are usually obtained by 
the reflection of acoustic Waves from geologic layers of 
differing acoustic impedance. Acoustic impedance is dic 
tated by the physical properties of the material through 
Which the acoustic Wave travels. Such properties include 
lithology, porosity, and ?uid content. 

[0005] Seismic data are generally obtained by imparting 
seismic energy into the earth, then receiving and recording 
the energy re?ected by the subsurface formations. This 
received energy is then processed to produce seismic signals 
or traces, Which depict re?ection information as a function 
of the time lapse from signal generation to reception and the 
embedded seismic pulse. As is knoWn to those of ordinary 
skill in the art, processing of seismic data may vary, but 
typically includes stacking, migration, and deconvolution. 

[0006] Originally, seismic data traces Were used simply 
for ascertaining formation structure. HoWever, exploration 
geophysicists have developed a number of methods to obtain 
a variety of characteristics that describe the seismic data 
traces. Such characteristics are termed attributes. These 
attributes provide quantitative measures of the shape of the 
seismic data traces. Attributes are said to be instantaneous 
When values for the attributes are obtained for each data 
point (i.e., each time sample) or Within a small time WindoW 
of data points. Examples include amplitude, phase, fre 
quency, dip, and poWer. Attributes are said to be interval, 
When values for the attributes are taken from a speci?ed 
seismic interval Within a seismic trace. Examples include 
averages, maximums, and cycle Widths of measured char 
acteristics of the seismic signal over the seismic interval. 

[0007] The objectives of seismic attribute analysis include 
identifying the boundaries of geologic intervals of differing 
acoustic impedance and assigning characteristic values, 
Which may exhibit lateral variations, for the physical rock 
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properties Within each of these geologic intervals. There are 
tWo key steps used in the art to assign these characteristic 
values for the physical rock properties. The ?rst step is a 
seismictosynthetic Well tie, Which compares the seismic 
signal shapes and attributes identi?ed on at least one seismic 
data trace at or near a Well location With those identi?ed in 
a synthetic seismogram Which is developed for that Well. 
The Well being used is termed a calibration Well. This 
synthetic seismogram is generated using Well data such as 
Well log data or core data, coupled With standard techniques 
familiar to those skilled in the art. The second step is termed 
seismic attribute calibration, Which involves statistically 
relating the attributes obtained from seismic data traces that 
are presumed to represent the formation properties at a Well 
for any seismic interval, With the measured rock properties 
in that Well over that same interval. Thus, a seismictosyn 
thetic Well tie relates a real seismic data trace to a synthetic 
seismogram, While calibration relates a real seismic data 
trace to actual rock properties as determined by the Well 
data, such as Well log or core data. 

[0008] In seismic attribute calibration, a statistical predic 
tion model is used to investigate a relationship betWeen 
observable seismic attribute variables and a variable repre 
senting a geological or geophysical rock property. This 
involves establishing a predictive relationship betWeen the 
independent variables observed at densely distributed seis 
mic locations and the dependent variable of interest 
observed at typically more sparsely distributed Well loca 
tions. The statistical prediction model may be linear regres 
sion or any other statistical technique. This relationship may 
then be used to predict the variable of interest at locations 
aWay from the Wells by using the observed seismic 
attributes. 

[0009] Suppose the relationship betWeen the rock property 
variable and attribute variables can be described by a 
statistical prediction model. In general, let Z be the depen 
dent variable of interest and let x represent the independent 
variables as an attribute vector. It is assumed that Z and x are 

related by a functional relationship, Z=f(x). A statistical 
prediction model represents the relationship as Z=f(x), 
Where f is an estimating function for the prediction model 
and Z is the predicted value for a given attribute vector x. 
This relationship Will be illustrated using a multiple linear 
regression model, although the present invention applies to 
any statistical prediction technique. In a multiple linear 
regression model, the dependent variable Z is represented as 
a linear combination of the independent attribute vector x: 

z=aTx+b+e. (1) 

[0010] Here a is a vector of linear coef?cients, b is an 
intercept, and e is a model or observation error. The super 
script T represents the transpose of a vector. 

[0011] For a set of N training data points, (xi, Zi), i=1, . . . , 
N, of independent attribute vectors xi and dependent variable 
Zi, the classical regression approach uses a least squares 
criteria to estimate the linear coef?cients a and b. This yields 
a prediction model: 

2=aTx+B, (2) 
[0012] Where Z is the predicted value for attribute x, and 
a and b are prediction coef?cients. 

[0013] Reliability measures of statistical prediction mod 
els such as con?dence intervals can be calculated only When 
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certain statistical assumptions are imposed on the training 
data, Which are rarely met in real situations. If the expected 
value of the error term e of equation (1) is Zero, then the 
prediction coefficients a and b of prediction equation (2) are 
unbiased estimates of the linear coef?cients a and b of 
equation This assumption also implies that the under 
lying relationship betWeen the variables X and Z in equation 
(1) is linear. In this case, the predicted value 2 is an unbiased 
estimate of Z. HoWever, if this linear assumption does not 
hold, then the predicted value 2 becomes a biased estimate 
of Z. There are cases Where the physical relationship 
betWeen the dependent variable and the independent vari 
ables supports a linear regression model. In these cases, it 
Would be useful to have statistical con?dence intervals for 
the predicted value 2 in prediction equation A con? 
dence interval gives upper and loWer bounds betWeen Which 
there is a given probability, say 95%, of ?nding the variable. 
HoWever, obtaining these con?dence intervals requires that 
the errors that populate the error term e in equation (1) be 
normally distributed, have constant variance, and be statis 
tically independent of one another. These conditions are 
rarely met in practical data analysis situations, and the 
con?dence intervals computed from a multiple linear regres 
sion model Will usually give false information. The con? 
dence intervals associated With multiple linear regression 
analysis are valid measures for assessing the reliability of 
predicted values only When linearity and the above statistical 
assumptions are met. 

[0014] Similarly, for a predictive neural netWork, such as 
a back-propagation neural netWork, no standard method for 
determining reliability eXists. Thus, there exists a general 
need for quantifying the reliability of predicted values from 
statistical prediction models Without the strict assumptions 
needed in classical con?dence interval calculations. 

SUMMARY OF THE INVENTION 

[0015] The present invention is a method for assessing the 
reliability associated With a statistical prediction of a speci 
?ed geological or geophysical parameter at a designated 
location. The statistical prediction is obtained from a pre 
diction model constructed from a set of N training data 
points. Each training data point comprises a training data 
attribute vector and an associated observed value of the 
speci?ed geological or geophysical parameter. Further, each 
training data attribute vector includes one or more seismic 
attributes obtained from seismic data traces located at or 
near a Well and each associated observed value of the 
speci?ed parameter is obtained from Well log or core data 
from that Well. First, a residual is determined for each of the 
training data points. The residual is the difference betWeen 
the associated observed value of the speci?ed parameter for 
the training data point and a predicted value of the speci?ed 
parameter for the training data point obtained from the 
prediction model. NeXt, an attribute vector is determined for 
the designated location. NeXt, a predicted value of the 
speci?ed parameter at the designated location is obtained 
using the attribute vector for the designated location and the 
prediction model. NeXt, N basic probability distributions are 
determined from the N training data attribute vectors, the N 
associated observed values, the N residuals, and the pre 
dicted value of the speci?ed parameter at the designated 
location. NeXt, N basic probability assignments are deter 
mined for each of three hypotheses that the predicted value 
of the speci?ed parameter at the designated location is 
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reliable, unreliable, and unpredictable, respectably, from the 
N basic probability distributions. Finally, reliability, unreli 
ability, and unpredictability values for the predicted value of 
the speci?ed parameter at the designated location are deter 
mined as combinations of the N basic probability assign 
ments for each of the hypotheses that the predicted value of 
the speci?ed parameter at the designated location is reliable, 
unreliable, and unpredictable, respectively. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0016] The present invention and its advantages may be 
more easily understood by reference to the folloWing 
detailed description and the attached draWings in Which: 

[0017] FIG. 1 shoWs the three reliability measures (reli 
ability, unreliability and unpredictability) for a linear pre 
diction from ten hypothetical training data points, in Which 
the attribute vector consists of only one element; 

[0018] FIG. 2 is a ?oWchart illustrating the processing 
steps of one embodiment of the method of the present 
invention for determining reliability measures for prediction 
values for a speci?ed geophysical or geological parameter 
from a statistical prediction model; 

[0019] FIG. 3 is a ?oWchart illustrating a preferred 
embodiment of the method of the present invention for 
optimiZing the prediction error level y, standard deviation 0, 
and maXimum prediction distance dmax parameters; 

[0020] FIG. 4 is a ?oWchart illustrating a preferred 
embodiment of the method of the present invention for 
calculating the reliability measures from FIG. 2 using the 
optimiZed values of the prediction error level y, the standard 
deviation 0, and the maXimum prediction distance drnaX from 
FIG. 3; and 

[0021] FIG. 5 illustrates the application of the method of 
the present invention to a synthetic data set for quantifying 
the reliability of predicted sand percentages at seismic 
locations. 

[0022] While the invention Will be described in connection 
With its preferred embodiments, it Will be understood that 
the invention is not limited to these embodiments. On the 
contrary, it is intended to cover all alternatives, modi?ca 
tions and equivalents that may be included Within the scope 
of the invention, as de?ned by the appended claims. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENTS 

[0023] The present invention relates to a method for 
assessing reliability of predicted values of geologic or 
geophysical parameters from statistical predictive models 
used in geophysical prospecting. These predictive models 
could include multiple linear regression and neural net 
Works, but are not restricted to them. The reliability analysis 
method of the present invention is model free, that is, 
independent of the predictive model used. The method of the 
present invention derives reliability measures directly from 
the topology of the training data points and the predicted 
values, instead of the residual statistics at the training data 
points and the predicted values. Therefore, the method is 
free from assumptions on the form of the residual statistics 
or the linearity of the underlying predictive model. Although 
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the method of the present invention applies to any statistical 
prediction model, it Will be illustrated using a multiple 
regression model. 

[0024] Consider the case of N training data points (Xi, Zi), 
i=1, . . . , N, With a multiple regression function Z=f(X), in 
Which Z is a predicted value of Z for an attribute vector X. A 
residual ri at the ith training point (Xi, Zi) is de?ned by: 

r1=ZF2i> (3) 
[0025] for i=1, . . . , N. In the method of the present 

invention, a linear relationship betWeen X and Z is not 
assumed. Instead, the reliability of a predicted value Z is 
assessed solely based on the N training data points and the 
residual values observed at the training data points. For a 
predicted value Z, if the attribute vector X is dissimilar from 
all the training data attribute vectors, Xi, i=1, . . . , N, then 
there may not be enough information available to judge if Z 
is correct or incorrect. This situation is labeled as a predic 
tion Z With high unpredictability. On the other hand, reli 
ability of a predicted value Z Will be high if its attribute 
vector X is close to some of the training data attribute vectors 
and the corresponding residuals ri at the neighboring Xi are 
small. This is the case of a prediction Z With high reliability. 
If an attribute vector X is close to some of the training data 
attribute vectors, but the residuals at these neighboring 
attribute vectors are large, it is highly probable that predicted 
value Z Will be incorrect. This is the case of a prediction Z 
With high unreliability. The above described reliability mea 
sures are useful in assessing reliability associated With a 
predicted value, but these measures are nonetheless quali 
tative. In the method of the present invention, a mathemati 
cal model that quanti?es these reliability measures is 
described. 

[0026] To test the validity of a predicted value Z relative 
to the magnitude of prediction error tolerable, as given by a 
parameter y, an approach in classical probability theory may 
start With tWo hypotheses: 

[0029] Here, the residual r is de?ned as in residual equa 
tion (3) by r=Z-Z. Reliability equation (4a) represents the 
hypothesis HO that the prediction residual is less than or 
equal to the prediction error limit y, While unreliability 
equation (4b) represents the hypothesis H1 that the predic 
tion residual is greater than y. Hypothesis H0 is related to a 
notion of reliability of the predicted value Z, While hypoth 
esis H1 is related to a notion of unreliability of the predicted 
value Z. In equations (4a) and (4b), the parameter y must be 
appropriately determined, as Will be further described later. 

[0030] In conventional probability theory, the probability 
of each hypothesis is calculated based on the residual 
statistics. In turn, the residual statistics are computed from 
the residuals observed at the training data points. In this 
prior art approach, all residuals participate equally in com 
puting residual statistics. 

[0031] Conventional residual statistics computation is 
based on the values of the residuals ri, but ignores their 
locations Xi in attribute space. The method of the present 
invention calculates reliability measures that are sensitive 
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not only to the residual values but also to the locations of the 
training data point attribute vectors in attribute space. 

[0032] In the method of the present invention, the training 
point triplets, that is, the training data points and their 
residuals, (Xi, Zi, ri), i=1, . . . , N, are considered as N pieces 
of evidence from Which to evaluate the reliability in a 
predicted value Z. The Dempster-Shafer theory of evidence 
is used to aggregate uncertainties on the predicted value Z 
from each training point triplet (Xi, Zi, ri), i=1, . . . , N. The 
Dempster-Shafer theory of evidence is described in Demp 
ster, A. P., “Upper and LoWer Probabilities Induced by 
Multivalued Mapping”, Annals Math. Statistics, Vol. 38, No. 
2, p. 325-339, 1987 and Shafer, G.,A Mathematical Theory 
of Evidence, Princeton University Press, 1976. 

[0033] In classical probability theory, the sample space of 
hypotheses consists of all the standard hypotheses: HO and 
H1 as given in equations (4a) and (4b). In Dempster-Shafer 
theory, the sample space of standard hypotheses is enlarged 
to include all possible subsets of the set of standard hypoth 
eses. This enlarged set of hypotheses is called a frame of 
discernment 0={Hk}. In our case, one more hypothesis is 
needed: 

[0034] Here the notation H0 -or- H1 means that HO and H1 
cannot be distinguished. Hypothesis He is related to a notion 
of unpredictability of the predicted value Z. Thus, in our 
case, the frame of discernment 0={HO, H1, H6}. A frame of 
discernment in Dempster-Shafer theory is a generaliZation 
of a sample space of standard hypotheses in conventional 
probability theory. 
[0035] The hypothesis He represents noncommitment to 
either H0 or H1. In this eXpanded hypothesis set, the impact 
of a piece of evidence on each hypothesis is represented by 
a function called a basic probability assignment. For 
each piece of evidence represented by a training data triplet 
(Xi, Zi, ri), the sum of the basic probability assignments 
assigned to all three hypotheses, H0, H1, and He, becomes 
unity. Thus, for each i=1, . . . , N, 

[0036] This framework provides a means to represent lack 
of relevant information associated With each piece of evi 
dence by the basic probability assignment mi(He). The 
smaller the value of mi(He), the more de?nite the informa 
tion on H0 or H1. 

[0037] The present invention quanti?es reliability associ 
ated With a predicted value in terms of the values of three 
reliability measures. These measures are termed reliability, 
unreliability, and unpredictability, and are associated With 
the hypotheses given in equations (4a), (4b), and (4c), 
respectively. Further, equation (5) dictates that the values of 
the measures add up to one for each i=1, . . . , N. The 

complement of unpredictability, (1-unpredictability), mea 
sures the degree With Which the predicted value is supported 
by the training data points. This concept is not available in 
the standard con?dence interval approach. 

[0038] In our case, each basic probability distribution 
mi(Z) is the likelihood of a dependent variable Z being 
evidenced by an observation of a training data triplet (Xi, Zi, 
ri). This ith observed training data triplet provides valuable 
information in that the predicted value Zi at Xi misses the true 
value Zi by its residual ri. It is assumed that the ith training 
data triplet (Xi, Zi, ri) Will predict that the probability distri 
bution of the true value Z at X Will have a mean value of ( 
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Z+ri). It is also assumed that the prediction power of the ith 
training data triplet as a piece of evidence concerning Z Will 
diminish as the distance betWeen the tWo attribute vectors X 
and Xi increases. Thus, a normaliZed distance di, for i=1, . . . , 
N, betWeen attribute vectors X and Xi is de?ned by: 

(6) 

[0039] Where 

[0040] Here X]- and XLJ- are the jth element_of the attribute 
vectors X and Xi, respectively, Xjmax and X-rnln are the maXi 
mum and minimum values, respectively, of the jth attribute 
element for the Whole training data set, X?“ and Xi; are 
normaliZed attribute elements, and J is the dimension of the 
attribute vector X. The basic probability assignment on He, 
mi(He), Will increase as di increases. 

[0041] It is further assumed that the basic probability 
distribution of the dependent variable Z takes the form of a 
normal distribution. Based on the notation described above, 
a basic probability distribution mi(Z), as evidenced by the ith 
training data triplet (Xi, Zi, ri), is de?ned as: 

mi(Z)=9°(da)K((i+ra)>0) (7a) 

[0042] for i=1, . . . , N, Where 

96%) = 1 — (dz/dim) for dz < dim (7b) 

= O for d; z dmax. 

[0043] Here 0°(di) is the prediction poWer of the ith 
training data triplet (Xi, Zi, ri), drnaX is the maXimum predic 
tion distance, and a((Z+ri),o) represents a normal distribu 
tion over Z With mean (Z+ri) and a standard deviation 0. In 
equations (7a) and (7b), the parameters 0 and drnaX are not 
yet knoWn and must be appropriately determined, as Will be 
described beloW. 

[0044] With the formulations given above, the basic prob 
ability assignments of the hypotheses from the evidence 
given by the ith training data triplet (Xi, Zi, rj), i=1, . . . , N, 
are computed as folloWs: 

[0045] Here mi(He) represents the amount of belief not 
committed to either hypothesis H0 or H1. The above three 
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quantities de?ned in basic probability assignment equations 
(8a), (8b), and (8c) are termed y-level reliability, y-level 
unreliability, and unpredictability, respectively. 

[0046] Dempster-Shafer theory has a formal process, 
called the rule of combination, to combine individual basic 
probability assignments induced by independent evidence. If 
m1 and m2 are tWo basic probability assignments from tWo 
pieces of evidence, and Ai and B]- are hypotheses induced by 
the tWo evidences, then a combined basic probability assign 
ment m1G9m2 (C) for a hypothesis C is computed as: 

1111 MAC) = (1/10 2 mlmmzwp (9) 
A;?Bj-:C 

[0047] Where K is a normaliZation factor de?ned by: 

[0048] and (I) is the null set. The combination is designated 
by the orthogonal sum operation 69. 

[0049] For the speci?c case of hypotheses H0, H1, and He, 
We have 

<I>=H0?H1. 

[0050] Then, the rule of combination in equation (9) 
becomes: 

With normaliZation factor K de?ned by: 

[0053] The commutative property of multiplication 
ensures that this rule yields the same value regardless of the 
order in Which basic probability assignments are combined. 
In the present invention, the total belief on a hypothesis is 
computed by combining the N basic probability assignments 
from the N training data triplets. In the present case, this 
gives: 

[0054] Belief Bel (Hk), for k=0, 1, and 0, may be inter 
preted as the total support that is attributed to the hypothesis 
Hk by the evidence from all N training data triplets. 

[0055] Belief equations (10a)-(10c) de?ne the three reli 
ability measures of the present invention. Reliability is 
de?ned by Bel (H0) in equation (10a), unreliability is de?ned 
by Bel (H1) in equation (10b), and unpredictability is de?ned 
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by Bel (He) in equation (10c). By their construction, these 
three reliability measures have the following characteristics 
for a prediction point X. Reliability, Bel (HO), Will be large 
if the attribute vector X is near the vicinity of some of the 
training data point attribute vectors Xi and the residuals ri at 
these nearby training data points are small. Unreliability, Bel 
(H1), Will be large if the attribute vector X is near the vicinity 
of some of the training data point attribute vectors Xi and the 
residuals ri at the nearby training data points are large. 
Unpredictability, Bel (He), Will be large if the attribute 
vector X has only a feW or no training data point attribute 
vectors Xi in its vicinity. 

[0056] The loWer part of FIG. 1 shoWs 10 training data 
points 100 and the linear prediction line 102, in Which the 
horiZontal aXis 104 represents the attribute vector X of one 
dimension and the vertical aXis 106 represents the predicted 
variable Z. The upper part of FIG. 1 displays the three 
reliability measures computed for the prediction line. These 
measures are reliability 108, unreliability 110 and unpre 
dictability 112. One can observe the three characteristics 
described above in this plot. A comparison of three reliabil 
ity measures identi?es regions of high reliability 114 or loW 
reliability 116 on the predicted values. It also indicates 
regions 118 Where poorly constrained eXtrapolation or inter 
polation might occur, Which is signi?ed by a high unpre 
dictability value. In this eXample, the regions of high reli 
ability 114 or high unpredictability 118 are relatively easy to 
identify visually Without the help of reliability measures, 
because the attribute vector has only one element or dimen 
sion. HoWever, When the dimension of an attribute vector 
becomes greater than tWo, this type of visual analysis 
becomes very dif?cult. 

[0057] In the present invention, three parameters affect the 
quanti?cation of the three reliability measures. With refer 
ence to equations (7) and (8), the choices of parameter 
values for prediction error level y, standard deviation 0, and 
maXimum prediction distance drnaX Will result in different 
values for the reliability measures. The folloWing discusses 
effects of these parameters and establishes a preferred pro 
cedure for determining an optimal set of values for them. 
HoWever, other methods for determining the parameter 
values are Within the scope of the present invention. 

[0058] First, an appropriate value for prediction error level 
y is determined. The parameter y de?nes the amount of 
prediction error one is Willing to alloW in the de?nition of 
y-level reliability or y-level unreliability in basic probability 
assignment equations (8a) and (8b). If y is unreasonably 
large, then all y-level reliabilities Will tend to have high 
values. Conversely, if y is too small, then all y-level reli 
abilities Will tend to have loW values. Therefore, improper 
choice of y Will hamper the resolution of reliability mea 
sures, even though the relative magnitudes Will still have 
meaning. 

[0059] A sample variance of of the residuals ri from the 
set of N training data triplets is de?ned as: 

[0060] If one Would like to assess the prediction reliability 
as compared to one sample standard deviation of the residu 
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als of the training data triplets, the preferred embodiment 
Would be to set the prediction error level y to 

‘(=05 (12) 

[0061] Alternatively, if a limit on acceptable error toler 
ance eXists, such as 5 porosity units for predicted porosities, 
then an alternative embodiment Would be to set the predic 
tion error level y to the error tolerance limit, such as 5 in our 
eXample. 

[0062] NeXt, a range of acceptable values for the standard 
deviation 0 is determined. In basic probability distribution 
equations (7a) and (7b), 02 is the variance of the quantity Z—( 
i+ri), Which can be eXpanded into: 

[0063] Without assuming certain statistical properties for 
the residuals, such as constant variance or correlation struc 
ture of residuals, the variance of the quantity in equation 
(13) cannot be estimated. Therefore, a constant variance of 
residuals is assumed to ?nd an approXimate range of values 
for o. If the statistical prediction model i=f(X) describes the 
underlying relationship betWeen attribute vector X and 
dependent variable Z fairly Well everyWhere, then variance 
Var(Z—i) Will be the same as variance Var(Zi—ii). If it can 
further be assumed that the residuals (2-2) and (Zi—2i) are 
uncorrelated, then 

J2 = W1 - <2 + n» = max - 2) - (zi- - 2») <14> 

: Var(z — + Var(z; — z: 2032 

[0064] On the other hand, if it is assumed that the residuals 
(2-2) and (Zi—2i) are positively correlated, that is, the values 
of the residuals are not random, then 

0'2 < 20',2 (15) 

[0065] The assumption in a conventional statistical analy 
sis is that the residuals are completely uncorrelated, imply 
ing that one could set 

0'2 = 20%. 

[0066] In general, however, (I should be set to a value less 
than Got if correlations eXist among the residuals. This 
determines a range of values for the standard deviation 0. 

[0067] If an unreasonably high value is chosen for the 
standard deviation 0, then the normal distribution in basic 
probability distribution equations (7a) and (7b) ?attens, 
resulting in loss of distinction betWeen reliability and unre 
liability measures. Conversely, if (I is too small, then the 
contrast betWeen reliability and unreliability measures Will 
be eXaggerated. In either case, results are less desirable, 
although still meaningful. 

[0068] NeXt, a range of acceptable values for the maXi 
mum prediction distance drnaX is determined. In basic prob 
ability distribution equations (7a) and (7b), the prediction 
poWer, 0°(di), of the ith piece of evidence on the true value 
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Z is a function of dmaX. The prediction power of 0°(di) 
becomes 1 When the distance di is Zero and it decreases 
linearly to Zero When di=dmaX. Therefore, a large value of 
dnm implies that prediction poWer of evidences reaches far in 
attribute space. If one believes that the residuals (Z-i) and 
(Zi—2i) are correlated at large distances in attribute space, 
then drnaX should be assigned a large value, as a percentage 
of the maximum of the normaliZed attribute distances di 
de?ned in equation (6) above. For example, a value for drnaX 
of 30 implies that the correlation betWeen residuals is 
assumed to be Zero at and beyond the 30 percent of the 
maximum normaliZed attribute distance. In the preferred 
embodiment, drnaX is set to a value less than 100. This 
determines a range of values for the maximum prediction 
distance dmaX. 

[0069] Finally, optimal values for o and drnaX are deter 
mined Within the ranges of values for o and drnaX determined 
above. So far, it has been noted that the tWo parameters 0 
and drnaX should be a function of the correlation betWeen the 
tWo residuals r and ri, Which may not be constant and is 
dif?cult to estimate With a limited number of training data 
points. For a given value of y, the parameters 0 and drnaX Will 
be determined so as to maximiZe the average correlation 
betWeen probabilities based on an observed residual at a 
training data point and y-level reliabilities based on the rest 
of the observed residuals. In the present invention, random 
variables Zit for i=1, . . . , N are used. These random variables 

Zit are de?ned to have a normal distribution With a mean Zi 
and a standard deviation 0. This assumption alloWs one to 
compute the probability that the random variable Zit is 
betWeen ii+y and iry, given the observation of Zi, for 
i=1, . . . , N. This is expressed as 

[0070] The y-level reliability based on the restricted set of 
training data triplets (xj, Zj, rj) for j=1, . . . , N and j#i, can 
be computed as the degree of belief that the residual betWeen 
the random variable Zit and the predicted value ii is less than 
y. This modi?ed belief is then given by 

[0071] Be1i‘(HO)=mi$ - ~ - 69mi_169mi+169 - ~ ~ 

[0072] Note that the probability in equation (16) is based 
on the single observed parameter value Zi, While the belief 
in equation (17) is based on the remaining observed param 
eter values Z]- for j=1, . . . , N and j#i. Further, the belief in 

equation (17) is a function of o and dmaX, While the prob 
ability in equation (16) is independent of o and dmaX. 

[0073] NoW, for ?xed values of o and dmaX, the average of 
the correlation coef?cients betWeen the probabilities from 
equation (16) and the y-level reliabilities from equation (17) 
for i=1, . . . , N, is computed as: 

l N H (18) 

me: am) = E P(|z§ — zil < 7|z;)B@lE(Ho) 
[:1 

[0074] Here, the average correlation p(o, dmaX) is a func 
tion of the tWo parameters 0 and dmaX. 
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[0075] By knoWing an approximate range of values for o 
and d max, 

[0076] and drnaX <100, the average correlation p in corre 
lation equation (18) can be computed for various values of 
o and drnaX With the training data points. Because the 
computation of the average correlation is very fast, a param 
eter set of o and drnaX Which maximiZes the average corre 
lation is easily found by an exhaustive search. With an 
appropriate value for the parameter y and optimum values 
for the parameters 0 and dmaX, equations (7) through (10) 
may be used to calculate the desired reliability measures. 

[0077] FIG. 2 is a ?oWchart Which illustrates a preferred 
embodiment of the method of the present invention for 
determining reliability measures for prediction values for a 
speci?ed geophysical or geological parameter from a statis 
tical prediction model. First, at step 200, N locations for 
training data are selected. Preferably, the training point 
locations are at or near N Well locations. Second, at step 202, 
N attribute vectors xi for i=1, . . . , N are selected at the N 

training data locations from step 200. Preferably, these 
attribute vectors comprise one or more seismic attributes 
obtained from seismic data traces collected at or near N 
Wells. Next, at step 204, N associated observed values Zi for 
i=1, . . . , N are selected at the N training data locations from 

step 200 and corresponding to the N attribute vectors from 
step 202. Preferably, these associated observed values are 
taken from Well data at the N Wells. Next, at step 206, these 
attribute vectors from step 202 and associated observed 
values from step 204 are combined to form N training data 
points (xi, Zi) for i=1, . . . , N. Next, at step 208, a statistical 
prediction model is constructed from the N training data 
points from step 206. Preferably, this prediction model is 
constructed by multiple regression on the N training data 
points from step 206. HoWever, the method of the present 
invention is not limited to any particular statistical predic 
tion model. Next, at step 210, predicted values ii for 
i=1, . . . , N, are determined for each of the N attribute 

vectors xi from step 202, using the statistical prediction 
model from step 208. If the prediction model is de?ned by 
a function f, then ii=f(xi) for i=1, . . . , N. Next, at step 212, 
residuals ri for i=1, . . . , N are determined for each of the N 

training data points from step 206. Preferably, each of these 
residuals ri is de?ned by the difference betWeen an associ 
ated observed value Zi from step 204 for the speci?ed 
parameter for the training data point and the corresponding 
predicted value ii from step 210 of the speci?ed parameter 
for the training data point from the statistical prediction 
model. Thus ri=Zi—ii for i=1, . . . , N. Next, at step 214, the 
training data points (xi, Zi) for i=1, . . . , N from step 206 and 
the residuals ri for i=1, . . . , N from step 212 are combined 

to form N training data triplets (xi, Zi, ri) for i =1, ..., N. 

[0078] Next, at step 216, a designated location is selected. 
Preferably, this designated location is in an area in Which the 
same one or more seismic attributes collected at the N 

training data locations in step 202 can be obtained from 
seismic data traces. Next, at step 218, an attribute vector x 
is determined at the designated location from step 216. 
Preferably, this attribute vector comprises the one or more 
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seismic attributes obtained from seismic data traces col 
lected at or near the designated location. Next, at step 220, 
a predicted value 2 of the speci?ed parameter is determined 
at the designated location from step 216. Preferably, the 
predicted value 2 of the speci?ed parameter is obtained by 
applying the statistical prediction model from step 208 to the 
attribute vector X from step 218. If the prediction model is 
de?ned by a function f, then 2=f(X). Next, at step 222, N 
basic probability distributions mi(Z) for i=1, . . . , N are 

de?ned from the N training data triplets (Xi, Zi, ri) from step 
214 and the predicted value 2 from step 220. The preferred 
construction of the N basic probability distributions as in 
equations (7a) and (7b) Will be covered in more detail in the 
discussion of FIG. 4 beloW. 

[0079] Lastly, the reliability measures are calculated. First, 
at step 224, a hypothesis HO that the predicted value 2 from 
step 220 is reliable is de?ned. Preferably, the hypothesis H0 
is de?ned by equation (4a), above. Similarly, at steps 226 
and 228, respectively, hypotheses H1 and He that the pre 
dicted value 2 from step 220 is unreliable and unpredictable, 
respectively, are de?ned. Preferably, the hypotheses H1 and 
He are de?ned by equations (4b) and (4c), respectively, 
above. NeXt, at step 230, respectively, basic probability 
assignments mi(H0) for i=1, . . . , N are determined for the 

predicted value 2 from step 220 and for the hypotheses HO 
from step 224, using the N training data triplets (Xi, Zi, ri) 
from step 214. Preferably, basic probability assignments 
mi(HO) are de?ned by equation (8a), above. Similarly, at 
steps 232 and 234, respectively, basic probability assign 
ments mi(H1) and mi(H6) for i=1, . . . , N are determined for 

the predicted value 2 from step 220 and for the tWo hypoth 
eses H1 and Hefrom steps 226 and 228, respectively, using 
the N training data triplets (Xi, Zi, ri) from step 214. Prefer 
ably, basic probability assignments mi(H1) and mi(He) are 
de?ned by equations (8b) and (8c), respectively, above. 
Finally, at step 236, a reliability measure Bel (HO), an 
unreliability measure Bel (H1), and an unpredictability mea 
sure Bel (He) for the predicted value 2 from step 220 are 
determined. The reliability measure Bel (HO), unreliability 
measure Bel (H1), and unpredictability measure Bel (He) are 
determined as combinations of the N basic probability 
assignments for i=1, . . . , N and k=0, 1, and 0, from 
steps 230, 232, and 234. Preferably, reliability measure Bel 
(HO), unreliability measure Bel (H1), and unpredictability 
measure Bel (He) are calculated using equations (10a), 
(10b), and (10c), respectively. 
[0080] FIG. 3 is a ?oWchart that illustrates a preferred 
embodiment of the method of the present invention for 
?ne-tuning the prediction error level y, standard deviation 0, 
and maXimum prediction distance dmax parameters. First, at 
step 300, a sample variance of is calculated for the N 
residuals ri from step 212 of FIG. 2. Preferably, the sample 
variance of is de?ned as in equation (11) above. Second, at 
step 302, a prediction error level y is set. Preferably, the 
prediction error level y is set equal to the sample standard 
deviation ot from step 300. Alternatively, if a limit on error 
tolerance eXists, then the value of y is set equal to the error 
tolerance limit. 

[0081] NeXt, at step 304, a modi?ed y-level reliability 
Beli‘(HO) is calculated using the N-1 training data points (Xj, 
Zj, rj) for j=1, . . . , N and j#i, from step 206 of FIG. 2 and 
the prediction error level y from step 302. Preferably, the 
modi?ed y-level reliability Beli‘(HO) is calculated using 
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equation (17), above. NeXt, at step 306, random variables Zit 
are de?ned for i=1, . . . , N. Preferably, each random variable 

Zit is de?ned having a normal distribution With a mean equal 
to the associated observed value Zi from step 204. The 
normal distribution of the random variables Zit Will each 
have a standard deviation 0, Which Will be determined 
beloW. NeXt, at step 308, a residual rit is determined for 
i=1, . . . , N. Preferably, each residual rit is de?ned by the 
difference betWeen the random variable Zit from step 304 and 
the predicted value ii from step 210 of FIG. 2. NeXt, at step 
310, probabilities P (|Zit—2i|<Y|Zi) are calculated for the 
residuals rit from step 308, for i=1, . . . , N and the prediction 
error level y from step 302. NeXt, at step 312, an average 
correlation p betWeen the y-level reliabilities from step 304 
and the probabilities from step 310 are calculated. Prefer 
ably, the average correlation p is de?ned as in equation (18) 
above. 

[0082] NeXt, at step 314, the ranges of the variables (I and 
drnaX are limited. Preferably, if the residuals are correlated, 
the limit on o is given by variance inequality (15), using the 
sample variance of from step 300. Alternatively, if the 
residuals are uncorrelated, o is approximated by variance 
approximation (14), again using the sample variance of 
from step 300. Preferably, drnaX is limited to less than 100. 
NeXt, at step 316, the values of o and drnaX Which maXimiZe 
the average correlation p from step 312 is determined by an 
optimiZation algorithm. Preferably, the optimiZation algo 
rithm is an eXhaustive search over the range of limited 
values for o and drnaX from step 314. 

[0083] FIG. 4 is a ?owchart Which illustrates a preferred 
embodiment of the method of the present invention for 
calculating the reliability, unreliability, and unpredictability 
measures in step 236 of FIG. 2, using the selected values of 
the prediction error level y from step 302 of FIG. 3 and the 
standard deviation 0 and maXimum prediction distance drnaX 
from step 316 of FIG. 3. First, at step 400, a normaliZed 
distance di for i=1, . . . , N is de?ned for each training data 
point from step 206 of FIG. 2. Preferably, the normaliZed 
distance di is de?ned as in normaliZed distance equation (6) 
above, using values for the attribute vectors Xi and X from 
steps 202 and 218, respectively, of FIG. 2. NeXt, at step 402, 
prediction poWers 0°(di) for i=1, . . . , N are de?ned for each 

training data point. Preferably, the prediction poWers 0°(di) 
are de?ned as in equation (7b) above, using values for the 
normaliZed distance di from step 400 and the maXimum 
prediction distance dmax from step 316 of FIG. 3. NeXt, at 
step 404, normal distributions x((i+ri),o) for i=1, . . . , N are 

de?ned, based on each training data point. Preferably, these 
normal distributions x((i+ri),o) are de?ned With a mean of 
i+ri, using values for the residuals ri and the predicted value 
2 from steps 212 and 220, respectively, of FIG. 2, and the 
standard deviation 0 from step 316 of FIG. 3. Then, at step 
406, basic probability distributions mi(Z) for i=1, . . . , N are 

de?ned for each training data point. These are the basic 
probability distributions referred to in step 222 of FIG. 2. 
Preferably, the basic probability distributions mi(Z) are 
de?ned by multiplying the prediction poWers 0°(di) from 
step 402 With the normal distributions x((i+ri),o) from step 
404, as in probability equation (7a) above. NeXt, at step 408, 
basic probability assignments are calculated from 
basic probability distributions mi(Z) from step 406 for each 
of the hypotheses H0, H1, and He from steps 230, 232, and 
234, respectively, of FIG. 2. Preferably, the basic probability 
assignments mi(HO), mi(H1), and mi(He) are de?ned as in 
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equations (8a), (8b), and (8c), respectively, above, using 
values for the predicted value 2 from step 220 of FIG. 2 and 
for the prediction error level y from step 302 of FIG. 3. 
These basic probability assignments from step 408 de?ne 
y-level reliability, y-level unreliability, and unpredictability, 
respectively, as evidenced by a single training data triplet (xi, 
Zi, ri). Finally, at step 410, total belief is calculated for each 
of the hypotheses H0, H1, and He, as a combination of the 
basic probability assignments from step 408. Preferably, the 
total beliefs Bel (HO), Bel (H1), and Bel (He) are calculated 
by using the Dempster-Shafer theory rule of combination, as 
in equations (10a), (10b), and (10c) above. These total 
beliefs from step 410 de?ne reliability, unreliability, and 
unpredictability measures, respectively, for a given predic 
tion error level y, as evidenced by the N training data triplets 
(xi, Zi, ri) for i=1, . . . , N. 

EXAMPLES 

[0084] The method of the present invention is further 
described With the folloWing examples. With a 3-D seismic 
survey, seismic data and the accompanying measured 
attributes are available at close intervals in the space 
domain. Even though Well-log data in the same area may 
provide important geophysical or geological information, 
typically Wells are relatively sparsely located. Geoscientists 
often use linear regression to establish relationships betWeen 
seismic attributes and geophysical or geological properties 
observed at Wells. This regression model, along With seismic 
attributes, is then used to predict the unknoWn geophysical 
or geological properties aWay from the Wells. The ?rst 
example demonstrates the value of the present invention in 
this type of seismic attribute calibration. Also shoWn in this 
example is a demonstration of hoW the parameter optimiZing 
methods are employed. 

[0085] A 100x100 synthetic seismic attribute data set, 
Which simulates a ?uvial environment, is provided, along 
With sand percentages at 30 Well locations. In this example, 
four seismic attributes, named X1, X2, X3, and X4, Were used 
to predict the sand percent: 

[0086] X=(X1> X2> X3> X4) 

[0087] 
[0088] (xi, Zi), i=1, . . . , 30 available at Well locations. 

Z=sand-percent 

[0089] The linear regression model, calculated using stan 
dard least squares techniques applied to the 30 training data 
points, Was: 

2=£zTx+B (19) 

[0090] Where 

[2T=(-1.512, -1.4242, -0.7s11, 1.2334) 
62171.77 

[0091] ot=7.51 sand percentage. 

[0092] The latter Was calculated from residuals, using 
equation (11). The prediction model in model equation (19) 
Was used to predict sand percentages at all seismic locations. 
The actual sand percent 500, predicted sand percent 502, and 
prediction error 504 are plotted in FIG. 5. In a real situation, 
only the predicted sand percentage map Would be available 
because the actual sand percentages Would not be knoWn. 
The task of the present invention is to evaluate the reliability 
of the predicted sand percentages. 
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[0093] By folloWing the procedure for optimal parameter 
selection described in conjunction With FIG. 3, y=8 sand 
percentage Was chosen, Which is close to the sample stan 
dard deviation of the residuals of the training data points. In 
this case, the y-level reliability computes the degree of belief 
that the difference betWeen a true sand percentage and a 
predicted sand percentage is less than 8 sand percent. For a 
?xed value of y=8, average correlations p betWeen the 
probabilities and the y-level reliabilities for various values of 
o and drnaX are calculated from equation (18) and listed in 
Table 1. 

TABLE 1 

0' 

5 8 10 

dmax 3 0 420 0.404 0 392 
6 0 421 0.406 0 394 
9 0 432 0.408 0 390 

12 0 423 0.390 0 360 
15 0 354 0.331 0 284 

[0094] In Table 1, the parameter set o=5 and drnaX =9 
maximiZes the average correlation. 

[0095] Next, three reliability measures Were computed for 
the rest of the seismic attribute data. The three loWer maps 
in FIG. 5 display the degrees of reliability 506, unreliability 
508, and unpredictability 510 associated With the predicted 
sand percentage map 502 in the middle of the upper roW. In 
this synthetic data case, one can visually inspect hoW Well 
the method determined the reliability of the predicted sand 
percentages by comparing the error map 504 With the three 
reliability maps 506, 508, and 510. It is apparent that there 
tend to be large errors in areas, such as 512, Where unreli 
ability measures are higher than reliability measures. Con 
versely, error tends to be small in areas, such as 514, Where 
the reliability is high and the unreliability is loW. Areas With 
high unpredictability, such as 516, indicate places Where 
lack of training data points prohibits reliable predictions. 
These high unpredictability regions correspond to an area 
With no nearby training data points in the attribute space. 
This example demonstrates that the technique of the present 
invention can identify areas of reliable and unreliable pre 
dictions. It also identi?es areas of unpredictability, Which 
correspond to the area With no attribute training data. 

[0096] In this synthetic data case, true sand percentages 
are knoWn at every attribute location. To quantify hoW Well 
the belief model Worked, We computed the average corre 
lation from correlation equation (18) for the Whole data set. 
The results are shoWn in Table 2. 

TABLE 2 

O‘ 

5 s 10 

dmax 6 0.60 0.56 0.52 
9 0.59 0.55 0.51 

[0097] Table 2 shoWs that the average correlation betWeen 
the probabilities from equation (16) and the reliabilities from 
equation (17) is 0.59 for y=8, o=5, and dmaX=9. Because the 
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reliability measure is most meaningful When the unpredict 
ability measure is not high, the correlation Was also calcu 
lated for only the data points at Which unpredictability is less 
than 0.9. 

TABLE 3 

O‘ 

5 s 10 

dmax 6 0.84 0.77 0.73 
9 0.83 0.77 0.73 

[0098] Table 3 shoWs that the correlation is then 0.83 for 
y=8, o=5, and dmaX=9. This relatively high correlation 
coef?cient indicates that the method of the present invention 
is able to determine the reliability of predictions With high 
accuracy. 

[0099] The technique of the present invention does not 
assume a linear relationship betWeen the independent vari 
ables, the attributes, and the dependent variable. The present 
invention is model independent. Therefore, the present 
invention can be applied to evaluate reliabilities of nonlinear 
prediction results. A certain type of arti?cial neural netWork, 
such as a back-propagation, feedforWard neural netWork 
(BPN), can be considered as a nonlinear prediction model. 
Even though BPN is a poWerful tool for establishing a 
nonlinear relationship betWeen input (attribute) and output 
(dependent) variables, the particular nonlinear relationship 
created is not apparent to the user. In a neural netWork 
application, only the elemental functional form (sigmoid) is 
knoWn, not the relationship created With multiple layers of 
its elemental (sigmoidal) functions. Thus, in BPN applica 
tions, an additional test data set must be set aside to verify 
the model’s performance after training is completed. Even 
then, the reliability of the model’s prediction is unknoWn. 
Thus, the technique of the present invention Will be valuable 
in evaluating predictions made from a BPN. 

[0100] The three reliability measures derived in the 
present invention Will provide more meaningful reliability 
measures than standard con?dence intervals When: 

[0101] (1) the training data points are clustered into 
groups separated by data gaps or have insuf?cient 
coverage of the attribute space, 

[0102] (2) the residuals are correlated, 

[0103] (3) the variance of the residuals is not con 
stant, 

[0104] (4) the dimension of the attribute space is 
greater than tWo, Which makes it dif?cult to visualiZe 
gaps in training data points or a certain trend in 
residual variances, and 

[0105] (5) the degree of freedom in a prediction 
model is greater than 8, so that the average correla 
tion in equation (18) betWeen the probabilities in 
equation 

[0106] (17) and the modi?ed y-level reliabilities in 
equation (17) is meaningful. 

[0107] The foregoing description has been directed to 
particular embodiments of the invention for the purpose of 
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illustrating the invention. It Will be apparent to persons 
skilled in the art, hoWever, that many modi?cations and 
variations to the embodiments described herein are possible. 
For eXample, in any of the foregoing embodiments, any 
statistical prediction model can be used. All such modi?ca 
tions and variations are intended to be Within the scope of 
the present invention, as de?ned by the appended claims. 

I claim: 
1. A method for assessing reliability of a predicted value 

of a speci?ed geological or geophysical parameter at a 
designated location, the predicted value obtained from a 
prediction model constructed from N training data attribute 
vectors and N associated observed values of the speci?ed 
parameter; each training data attribute vector including one 
or more seismic attributes obtained from seismic data traces 
located at or near a Well, each associated observed value of 
the speci?ed parameter obtained from Well log or core data 
from the Well, the method comprising the steps of: 

determining a predicted value of the speci?ed parameter 
for each of the N training data attribute vectors, from 
the training data attribute vectors and the prediction 
model; 

determining a residual for each of the N training data 
attribute vectors, the residual being the difference 
betWeen the associated observed value of the speci?ed 
parameter for the training data attribute vector and the 
predicted value of the speci?ed parameter for the 
training data attribute vector ; 

determining an attribute vector for the designated loca 
tion; 

determining the predicted value of the speci?ed parameter 
at the designated location, from the attribute vector for 
the designated location and the prediction model; 

determining N basic probability distributions from the N 
training data attribute vectors, the N associated 
observed values, the N residuals, and the predicted 
value of the speci?ed parameter at the designated 
location; 

determining N basic probability assignments for each of 
three hypotheses that the predicted value of the speci 
?ed parameter at the designated location is reliable, 
unreliable, and unpredictable, respectably, from the N 
basic probability distributions; and 

determining a reliability value, an unreliability value, and 
an unpredictability value for the predicted value of the 
speci?ed parameter at the designated location as com 
binations of the N basic probability assignments for 
each of the hypotheses that the predicted value of the 
speci?ed parameter at the designated location is reli 
able, unreliable, and unpredictable, respectively. 

2. The method of claim 1, Wherein the basic probability 
distributions mi(Z) over the speci?ed parameter Z are de?ned 
for i=1, . . . , N, by 

ax max: 

Wherein di is a normaliZed distance betWeen the attribute 
vector X for the designated location and the ith training 
data attribute vector X- d is a maXimum prediction 
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distance, x((i+ri),o) is a normal distribution overZWith 
mean (i+ri) and a standard deviation 0, 2 is the 
predicted value of the speci?ed parameter at the des 
ignated location, and I‘i=Zi—2i is the residual for the ith 
training data attribute vector Xi. 

3. The method of claim 2, Wherein the normaliZed dis 
tance di is de?ned for i=1, . . . N, by 

are normaliZed jth elements of the attribute vector X for the 
designated location and the N training data attribute vectors 
Xi, respectively, and J is the dimension of the attribute vector 
X. 

4. The method of claim 3, Wherein the normaliZed jth 
elements of the attribute vector X, Xjn and Xijn, are de?ned by 

wherein X]- and Xij are the jth elements of the attribute vector 
X for the designated location and the N training data attribute 
vectors Xi, respectively, and Xjmax and Xjmin in are the 
maXimum and minimum values, respectively, of the jth 
elements of the training data attribute vectors Xi. 

5. The method of claim 1, in Which the basic probability 
assignments are de?ned for i=1, . . . , N and k=0, 1, 

and 6, by 

21/ +00 

Int-(H1) = f miwdz + mom. and 
foo 1+7 

Wherein H0, H1, and He are the hypotheses that the predicted 
value of the speci?ed parameter at the designated location is 
reliable, unreliable, and unpredictable, respectively, mi(Z) 
are the N basic probability distributions, 2 is the predicted 
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value of the speci?ed parameter at the designated location, 
and y is a prediction error level. 

6. The method of claim 5, Wherein the reliability value Bel 
(HO), the unreliability value Bel (H1), and the unpredictabil 
ity value Bel (He) are calculated by 

respectively, Wherein 69 represents Dempster-Shafer theo 
ry’s rule of combination. 

7. The method of claim 6, Wherein 

Bel (H0)+Bel (H1)+Bel (H9)=1. 
8. The method of claim 5, further comprising the steps of: 

calculating a sample standard deviation (It for the N 
residuals; and 

setting the prediction error level y equal to the sample 
standard deviation (It. 

9. The method of claim 5, further comprising the steps of: 

selecting an error tolerance limit; and 

setting the prediction error level y equal to the error 
tolerance limit. 

10. The method of claim 2, further comprising the steps 
of: 

de?ning a random variable Zit having a normal distribu 
tion With a mean Zi and the standard deviation 0, for 

i=1, . . . , N; 

calculating a modi?ed y-level reliability Beli‘(HO), for 
i=1, . . . N , based on a restricted set of the training data 

triplets (Xj, Zj, rj) With j=1, . . . , N and j#i; 

calculating a probability P (|Zit—2i|<Y|Zi), for i=1, . . . , N; 

calculating an average correlation betWeen the modi?ed 
y-level reliabilities Beli‘(HO) and the probabilities P 
(|Zf—ii|<Y|Zi); and 

determining the values of the standard deviation C and the 
maXimum prediction distance dmaX, Which maXimiZe 
the average correlation by an optimiZation algorithm. 

11. The method of claim 10, Wherein the modi?ed y-level 
reliability Beli‘(HO) is de?ned by 

Bel;'(H0)=m1®. . . @mF?BmH?B . . . @mN(HU) 

12. The method of claim 10, Wherein the average corre 
lation p is de?ned by 

13. The method of claim 10, Wherein the optimiZation 
algorithm is an eXhaustive search. 

* * * * * 


