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Abstract:  Reservoir framework prediction is a key
problem in the exploration and production of oil and
gas. A novel technique is proposed in the paper, in
which well-logging data and knowledge of geologists
are integrated by dynamic programming and genetic
algorithm.  Experiment results on outcrop data
showed that the technique is quite promising for prac-
tical applications.
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1. Introduction

Reservoir framework prediction is a key
problem in the exploration and production of oil
and gas.  Although in the production phase of a
survey there is usually a large amount of data we
can use, it is a difficult problem to fuse various
information to predict the reservoir framework
with high certainty.  There are two major infor-
mation sources that we can use.  One is the mass
data collected by various exploration techniques,
such as well data and seismic data.  They carry a
lot of information of the underground reservoirs,
but among them the information carried by any
single type of data is quite limited and is not
enough to predict the reservoir framework.
Another information source is the qualitative
knowledge of geologists.  To get a description of
the reservoir's detailed framework structure with
high certainty, these information from different
sources must be integrated in an efficient and rea-
sonable approach.  In recent years, much research
work has been done in this field.  Since it is al-
most impossible to know the "true" answer of any
detailed subsurface structure exactly, people are
studying their methodologies on outcrop data,
which are actually the "subsurface" structure that
goes out of the surface so that can provide a di-
rect way to verify the performance of the pro-
posed methods.

Most of the methods applied in today's in-
dustry for predicting reservoir framework from
wells are various kinds of statistical simulation
methods.  They can simulate many possible an-
swers to the problem, but fail to utilise geologists'
experience and cognition about the reservoir well,
so that the obtained results are too uncertain.
This paper reports our research in this direction.
A novel technique is proposed, in which well-
logging data and knowledge of geologists are
integrated by dynamic programming and genetic
algorithm.  Experiment results on outcrop data
showed that the technique is quite promising for
practical applications.

2. The Basic Ideas

In our methods, dynamic programming is
used to correlate the strata between two wells.
The distance of two specific strata is given ac-
cording to the cognition of geologists about the
investigated area.  Changes of the reservoir strata
from one well to another are simulated as a ge-
netic course.  Strata are treated as the popula-
tions.  They have the following features: thick-
ness, position and lithology of the stratum.  Some
geologic statistical results are derived from the
well-logging data.  The percentage of the various
lithological strata and the histogram of thickness
of the strata are used to form the objective func-
tion in the genetic algorithm.  The evolution
choice is controlled by two factors besides the
objective function: (1) the cognition by geologists
(including the direction of the stratum, the varia-
tion extent of the stratum, the width-to-thickness
ratio of a special kind of lithological stratum, the
distribution of a special lithology and the sedi-
mentary environment), and (2) the result of
stratigraphic correlation obtained by dynamic
programming algorithm.  An uninterrupted stra-
tum will never disappear, and only the position



and thickness of the stratum change.  The muta-
tion is suitable for simulating the appearance of
new strata and the disappearance of existing
strata according with the object function.  The
whole procedure is designed as a recursive pro-
cedure: the mid-point of the two wells is predict-
ed first, which is then treated as a new well, and
then the new mid-points are predicted.  The pro-
cedure will not stop till all points are predicted.

3. Stratigraphic Correlation Using Dy-
namic Programming

Dynamic programming is an optimization
algorithm based on the back propagation of the
cost.  No matter how the initial stage and state
are, only the last stage and state are need to de-
cide the optimal path of the current stage.

Let there be M states in the k+1th stage, the
traditional dynamic programming course is de-
fined as:
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where Ek m+1,  is the optimal cost of state m in

stage k+1, Lk k n m, , ,+1  is the cost from state n in

stage k to state m in stage k+1,   Ek n,  is the opti-

mal cost of state n in stage k.

Dynamic programming was used in
stratigraphic correlation widely [1].

In our research, the cost function is defined
as the function of the thickness, position and
lithology of the strata.  The cost function will be
modified if any priori knowledge about the strata
can be used.  If two strata are connected, the dis-
tance between them is set to zero.  The distance
between one of the two strata and any stratum
else is set to a value large enough to forbid their
connection.  If one stratum connects with a gap
(no connection exists between it and any other
stratum), the distance between it and any other
stratum is set to a value large enough to forbid
their connection too.
 

4. Reservoir Frame Prediction Using Ge-
netic Algorithms

Genetic algorithms are searching algorithms
based on the mechanics of natural selection and
natural genetics [2].  They combine the mecha-
nism of survival of the fittest among string
structures with a structured yet randomized in-
formation exchange strategy to form a searching
algorithm with some of the innovative flair of
human searching.  Because the algorithm simul-
taneously evaluates many possible (high fitness)
points in the parameter space, it is more likely to
reach the global minimum (or maximum).  Ge-
netic algorithms differ from most optimization
techniques by searching from one group of solu-
tions to another, rather than from one solution to
another, and it is this fact that makes them
uniquely suited to multi-objective optimization
problems.

In our method for reservoir framework pre-
diction, changes of the reservoir strata from one
well to another are simulated as a genetic course.
Strata are treated as the populations.

4.1  Coding

Although traditional genetic algorithms map
problems to strings of binary bits and manipulate
these encoding, it is more natural and therefore
preferable[2] to represent each solution by one
three-dimensional arrays, corresponding to the
lithology, the thickness, and the position of stra-
tum respectively.

4.2  Initial Population

The initial population is generated by the in-
formation from the two wells. All strata in the
two boreholes are included.

4.3  Fitness Evaluation

There are two objectives, i.e., the percentage
of various lithological strata and the histogram of
thickness of the strata, that are used to form the
fitness function in the genetic algorithm.  They
can be got as statistics from all the well-logging
data if there are enough wells in the survey area.



If the survey area is a new one and only a few
wells can be used, we can adopt the statistics
from other areas nearby.  Besides the fitness
function, the evolution choice is also controlled
by two factors: (1) the cognition of geologists
(including the direction of the stratum, the varia-
tion extent of the stratum, the width-to-thickness
ratio of a specific lithological stratum, the dis-
tribution of a special lithology and the sedimen-
tary environment), and (2) the result of
stratigraphic correlation obtained by dynamic
programming algorithm.

4.4  Operations

The general structure of genetic algorithms
is as following:

        Initialize population
          Calculate the fitness function
                   of each individual
          Selection
          REPEAT
          Crossover
          Mutation
          Calculate the fitness function
                   of each individual
          Selection
          UNTIL (termination condition satisfied)

The selection operator is based on the prin-
ciple of “survival of the fittest”.  A specific indi-
vidual having a fitness value above the average
level will have more chance of being selected
than those individuals having fitness value below
the average level.  In our research, the two indi-
viduals forming the parents come from the two
boreholes at the same time.  If one stratum of a
strata pair (the strata is connected) is chosen as
one of the parents, the other must be one of the
parents too.

The crossover operator is used to produce
new offspring from their parents, at the mean
time exchanging the information between them.
The crossover operation is done in the three di-
mensions.  Here one can see that if the parents are
a strata pair, only the thickness and the position
of the child stratum change, and the lithology is
kept the same as its parents.

The mutation operator is used to bring about
new information at the bit level, so that the ge-
netic algorithms can search new areas otherwise
not accessible when searched using only selec-
tions and crossovers.  In our case, the mutation
operation is used to estimate the appearance of
new strata and the disappearance of existing
strata according with the object function.

The whole procedure is designed as a recur-
sive procedure: the mid-point of the two wells is
predicted first, which is then treated as a new
well, and the new mid-points are predicted.  The
procedure will not stop till all points are pre-
dicted.

5. An Example

One of our outcrop sections (about 1000
meters wide and 200 meters deep) is used to veri-
fy the efficiency and performance of the proposed
technique.  Figure 1 shows the result: Fig.1(a) is
the original section (the correct answer), Fig.1(b)
is the three boreholes used for prediction (the
known condition of the system), and Fig.1(c) is
the predicted section according to the data in
Fig.1(b) and some qualitative knowledge about
the strata.  Deferent colors in the figure (repro-
duced as gray levels in the proceedings) represent
deferent kinds of lithology, and the largest inter-
val between the boreholes in our experiment is
408 metres.  It can be seen that keeping the spar-
seness of know data in mind, this prediction is
rather accurate.  And the accuracy can be further
improved as the amount of information available
is being increased.

6. Conclusion

In the proposed technique, the effective fu-
sion of quantitative information from well-
logging data and qualitative information from the
cognition of geologists greatly reduced the un-
certainty in reservoir prediction.  Processing on
outcrop data showed an encouraging result.

In fact, if there are other information avail-
able (such as seismic data), they can also be inte-
grated into the system in the future for better re-
sults.
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Figure 1. An experiment result of the method described in the paper on some outcrop data.
(a) Top: the original section of an outcrop data; (b) Middle: the four boreholes extracted from (a);

(c) Bottom: the predicted section according the data of (b) by methods described in this paper.
Colors (grey levels for printing) in the figures represent different types of lithology.


