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Abstract

This paper is a unique study of lithology prediction in the Taranaki Basin using neura network agorithms to
enhance sei smic resolution and improve reservoir modelling and production. Neura network algorithmsare useful
for reservoir mapping, lithology classification and porefill prediction. They have the ability to train using a
combination of seismic attribute information and well data. Training refersto the process within the algorithms by
which they maketheir optimisation. During thetraining process non-linear transforms are derived from theintricate
relationshi ps between seismic and well data. These transformswhen applied to the seismic volume can improveits
resolution for predicting target log properties. The lithologic properties of interest in this study are sand/shale

discrimination, porosity and water saturation.

Geological background

The method is applied here to the Mount Messenger
Formation. The Mount Messenger Formation contains fine
grained turbidite fans having excellent reservoir qualities of
up to 28% and 300 mD permeability and ranging in thickness
from one to forty metres. Mount Messenger wells typically
producein the range of 50 to 400 bopd often with significant
water cut. Log information from twenty nine wells within
the study areaprovided an excellent training data set because
they are representative of various types of reservoir quality:
well developed sands, marginal producing sands, and non-
producing units.

Introduction

The method requires the entry of a number of attributes
derived from the seismic volume surrounding the training
set of wells. Initialy, the seismic volume was inverted to
impedance (guided by well logs) becauseimpedance hasbeen
found to have a very high correlation with porous sands.
Severd attributes were calculated in the pre-stack domain to
test for AVO responses associated with producing zones:
intercept, gradient, near stack and far stack. The inversion
result and AV O attributes were fed into Hampson-Russell’s
neural network program Emerge as external attributes.
Complex seismic trace attributes, for example, instantaneous
frequency and amplitude envelope, were automatically
calculated within the program. It hasbeen shown that neural
networks outperform conventional seismic processing
techniques because they do not require any a priori model or
wavelet extraction. Emerge determines an empirical
relationship between seismic attributes and log data, and

transforms information from the seismic attribute domain to
the petrophysical domain. The algorithms use the
convolutional model which uses several seismic samplesfor
the computation of each log value (Figure 1). The neurd
network applicationsthen take these extrasamplesand assign
weights to them in order to derive a non-linear, weighted
combination of multiple attributesthat best predict the target
rock property.

Theory

Selecting the group of attributes that best predicts the target
rock property isfirst donethrough step-wiseregression. This
procedure identifies the optimal weighted combination of
attributesthat havethelowest prediction error. Thebest single
attribute is calculated by an exhaustive search and is then
removed fromthelist of attributesand cannot be chosen again.
The second best attribute is chosen based on the lowest
prediction error for thepair, and so on. Transformsof thetarget
log and seismic trace attributes can be non-linear, but step-
wiseregression isalinear system and is written as follows:

—_ * * * *
L—W0+W1 A1+W2 A2+W3 A3+...+Wn An

whereL isthe measured log value, * denotes convolution, w,
are operators derived by minimizing the mean-squared
prediction error and A, are attributes. The attributes selected
by step-wise regression are then fed into multi-layer
feedforward and probabilistic neural networks. The multi-
layer feedforward neural network (MLFN) is described as
having an input layer of nodes or attributes, one or more
hidden layers, and an output layer of asinglenode or predicted
log value (Figure 2).
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Figure 1. A five point convolutional operator correlating 15
points on several neighbouring attributes with each sample on the
target log.

Thenodesare connected by weights cal culated by minimizing
the mean-squared error between measured values and
predicted values. The probabilistic neural network (PNN) is
an interpolation algorithm and is analogous to geostatistical
kriging, however, the distinction must be made that kriging
relies on the variogram for spatial variation, whereas PNN
measures distance between attributes scaled by a sigma
function applied to each attribute. Sigmas are cal culated by
minimizing the validation error.

Thetransformsderived by the neural network techniqueswere
applied to the entire seismic volume. Prediction error and
uncertainty estimations were performed through a process
called cross validation that determines the optima number
of attributes that when combined had the highest
predictability. Theoretically, the more attributes used, the
lower the prediction error. However, there is a limit to the
resolution obtainable depending on the quality of the data
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Figure 2. Three layer multi-layer feedforward network.

and on the physical properties of the reservoirs. Using too
many attributes may result in over-training. Cross-validation
allowsthetransform to be evaluated for its predictive power.
It removes a known value from the training set and tries to
predict it based on surrounding values.

Conclusions

Thisisapreliminary report on an ongoing study using neural
networksto predict reservoir propertiesinthe Taranaki Basin.
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