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Abstract - Analyzing potential subsurface petroleum
reservoirs and predicting their spatial distribution is a
difficult problem, for the targets are usually thousands
of meters deep in the earth and people almost have no
way to directly observe them.  Prospecting seismic
data and well data are the two major categories of
data that can be obtained for the task.  They are dif-
ferent in mechanism and have their own characteris-
tics, and both are imprecise and incomplete.  The third
information source is knowledge and know-how of
human experts.  In this paper, an information fusion
scheme is presented for predicting potential reservoirs
by the collaboration of information from different
sources.  Neural networks are applied in both super-
vised and unsupervised mode in the scheme, and hu-
man-computer cooperation is also involved for this
complicated task.  Practical applications have shown
that this information-fusion approach is very powerful.
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1. Introduction

Analyzing potential subsurface petroleum
reservoirs and predicting their spatial distribution
is a difficult problem, for the targets are usually
thousands of meters deep in the earth and actually
there is almost no method to directly observe the-
se targets (for reasonable cost).  In today's petro-
leum industry, most observation data that can be
obtained about subsurface reservoirs are of two
major categories: prospecting seismic data and
well data.  Well data are recorded in actual drill-
ing holes, so they can be regarded in certain sense
as a kind of direct and precise information.  But
they are available at only sparse locations in the
investigated area, and are usually far from being
able to provide adequate information about the
spatial distributions of potential reservoirs.  This
is especially true for areas at early stages of ex-
ploration, because of the high expense and risk of

drilling.  On the other hand, seismic data are re-
corded reflection signals from subsurface inter-
faces, which are observed on the surface, and are
relatively less expensive.  So seismic data can be
widely available for the whole area, but the in-
formation that they can provide about subsurface
reservoirs are very indirect, inaccurate and inde-
terminate.  The third source of information for
reservoir analysis is human judgement based on
experts' knowledge and experience, which usu-
ally plays a key role in the final decision-making.
However, humans are not good at directly ana-
lyzing the large amount of observation data, and
the rules behind human judgement are mostly
quite ambiguous and often differ from case to
case, which makes the efforts for coding them
into some machine systems unfruitful till now.
So the only choice seems to be designing some
systems that can efficiently collaborate all these
information from different sources by taking the
advantages of their respective characteristics and
overcome their shortcomings.

In this paper, we present such a system,
which has already been proved powerful in sev-
eral practical cases.   The system utilizes neural
networks of both supervised and unsupervised
kind for data analysis, which can fit better for
cases when known well data are too scarce to be
applied directly as the supervisors.  For the unsu-
pervised part of the work, we developed a novel
approach called SOMA[1], based on the SOM
neural network model.  The standard MLP neural
network model with BP learning algorithm was
adopted for the supervised task.  Human judge-
ment is invited into the system so that the
mathematically derived results by unsupervised
analysis can be better evaluated and be assigned
to proper physical meanings.  These results then
can be further be applied in supervised learning
so that some details about the analyzed reservoir



can be estimated.  With this system, the possible
distributions of petroleum reservoirs can be pre-
dicted from seismic data and very limited well
data, and some important lithological parameters
can also be predicted quantitatively.  By the col-
laboration of seismic data, well data and human's
analysis, the insufficiency of information in the
problem can be largely compensated.  One of the
practical application cases will also be briefly
introduced in the paper.  In fact, the ideas behind
this system can also be applied in other similar
problems with multiple information sources of
different characteristics and resolutions.

2. Supervised Analysis

Although traditionally seismic data were
used only for deriving information about subsur-
face strata structures, it has been shown in recent
decades that lithological information of potential
reservoirs can also be extracted from the data,
since they penetrate through these reservoirs and
the differences in reservoir properties do leave
"fingerprints" on the data[2][3].  The problem is
that till now, people still haven't succeeded in
finding some determinate models describing the
relationship between seismic data and reservoir
properties, which also differs for different areas
and different geological environments.  Thus our
problem falls into the domain of estimating un-
known dependencies from observations.

Since at locations of wells, it can be regard-
ed that the information of subsurface reservoirs
are known, well data can play the role of supervi-
sors or training examples for our problem.  The
general idea can be illustrated by the diagram of
Figure 1, which can be viewed as a standard su-
pervised analysis system.  In the system, well
data are used to training some learning machine
so that it can estimate the dependency relation-
ship between seismic data and the desired reser-
voir properties at well locations.  This relation-
ship will then be used for predicting the reservoir
properties for locations where only seismic data
are available.  The prediction result can be quali-
tative (such as whether the target stratum possibly
contains oil/gas at certain locations) and quanti-
tative (some lithological parameters such as sand-
percentage, average porosity, etc. of the prospec-
tive reservoirs).   The learning machine can be

any of the popular ones such as the MLP neural
network model with BP learning algorithm.

This straightforward system does succeeded
in some applications.  However, certain condi-
tions must be met.  Among them, one important
condition is that the well data to be applied as
training examples must be representative in the
investigated area, and the amount of training
wells must be sufficient.  In fact, these conditions
are very restrictive for many practical cases.

Indeed, the task is to predict the possible
distribution of reservoirs, so that better decisions
can be made about where should the wells be
drilled.  It is quite obvious that one will not drill
many wells until the task is fulfilled.  That's why
the condition about sample size can usually not
be met.  On the other hand, the fact that one al-
ways wants the wells to be productive tends to
make the available well data not so representative.
Even if there are many wells in some area, the
proportion of "negative" samples are usually
much smaller than the actual probability that the
target stratum is not prospective at certain loca-
tions.

3. Unsupervised Analysis and SOMA

If it can be assumed that the target stratum
consists of a couple of different types with re-
spect to the reservoir properties (such as, for sim-
plicity, prospective and non-prospective), and if
the features extracted from seismic data are well-

Figure 1. The basic diagram of
supervised reservoir analysis
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related with the types, unsupervised learning
techniques can be applied to the seismic data
alone to find clusters in the data that represent
these types.  This is usually true for most of the
practical cases.

For this purpose, we developed a novel un-
supervised analysis method that we called SOMA
(short for SOM Analysis).  It is based on the SOM
neural network model by Kohonen[4].  Compar-
ing with most traditional clustering algorithms,
SOMA is designed with less assumption about
the style of the data distribution, and it does not
ask users to set or estimate a priori the number of
clusters.  Since no training information is in-
volved in the procedure, unsupervised methods
can only give mathematical results, which need to
be further interpreted.  SOMA provides a
straightforward way for users to interactively
combine their knowledge and understanding of
the investigated area into the clustering results
[1][5].

The kernel of SOMA is the idea of SOM
density map, and example of which is shown in
Figure 2.  The map is obtained by simply cumu-
lating the number of samples in the data set that
are being projected onto each neuron after the
self-organizing learning procedure.  The densities
on the map can "optimally" represent the dis-
tribution of the data in the original space in cer-
tain sense, so that they can be used for making
decisions on clustering in the data set.  To enhan-
ce this effect, the standard SOM learning proce-
dure should be modified slightly[5].

Both the proper number of clusters and their
classification boundaries can be decided accord-
ing the SOM density map.  And even when there
are no clustering relations in the data set (in
which cases most traditional clustering will still
blindly make the classification), the density map
can still be utilized as a tool for analyzing the
similarity relations between the samples in the
data set.  Although automatic algorithms can be
developed for clustering based SOM density map,
in our specific problem of petroleum reservoir
analysis, we invite human experts to interpret this
map manually, and by this, their knowledge and
know-how can be well integrated into our whole
scheme.  This idea can be described by Figure 3.

4. Supervised Learning Again

After applying SOMA, a rough understand-
ing of possible reservoir distributions can be ob-
tained.  With this result, the restrictive limitations
of applying supervised analysis can be overcome
in large.  The idea is, pseudo-examples can be
selected according to the prediction by SOMA, so
that there can be more training samples for the
learning machine, and the samples can be select-
ed to be more representative for the investigated
area.  In this way, some quantitative results can
be obtained such as the estimated distribution of
sand percentage and thickness in the target stra-
tum, averaged porosity and oil saturation.  The
whole procedure can be described by the diagram
in Figure 4.  The input to the whole system is the
sparse and incomplete well data, the inaccurate
and indeterminate seismic data of relatively low
resolution, and the ambiguous expertise.  The

Figure 2  An example of SOM density map.

Figure 3.  Diagram of SOMA reservoir analysis.



output is the prediction of possible reservoir dis-
tributions and the estimations of its lithological
parameters.

5. A Practical Application Example

The above-described scheme has already
been applied successfully in several practical
cases.  In one of them[6][7], the investigated area
is about 50km2, with only three wells (named
TH-A2, TH-A5 and TH-A6).  For reasons dis-
cussed in Section 2, the result of directly applying
supervised methods is not acceptable.  Figure 5 is
the predicted reservoir distribution map at the
target stratum, obtained with our SOMA tech-
nique.  Using the three wells and pseudo-
examples selected according to this map, a MLP
neural network was trained to predict the
lithological parameters.  As an example, Figure 6
shows the map of the estimated average porosity
at the target stratum.  According these predictions,
two new wells were suggested (TH-A51 and TH-
A52 on the maps).  They were both drilled later
and were both highly productive.  Table 1 is a
comparison of the predicted sand thickness in the
target stratum at the well location and the true
values measured after the wells were drilled.

Table 1.  Comparison of the predicted values and
the actual values of total sand thickness in the

target stratum at well locations.

Total sand thickness
Wells

Target
Stratum(m) Actual Estimated

TH-A2 1233-1410 35.7 known
TH-A5 1242-1420 51.9 known
TH-A6 1239-1416 21.8 known

TH-A51 1264-1441 42.1 42.4
TH-A52 1261-1440 45.6 42.8

Figure 4.  Collaboration of seismic data,
well data and experts' knowledge and know-how
for reservoir analysis and prediction, by a neural-

network-based information fusion system.

Figure 5.  The predicted reservoir distribution
obtained by SOMA.  Dark places indicate more
prospective areas.  Wells TH-A51 and TH-A52

were designed according to the prediction results.

Figure 6.  The estimated porosity map obtained by
MLP neural network with the help of SOMA result.
Gray level represents the value of average porosity,

as shown in the scale at right (in percent).
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6. Conclusion and Discussion

In this paper, we described a scheme of fus-
ing information from different sources for petro-
leum reservoir prediction and analysis.  Each
kind of information alone can not give reliable
and determinate results for the whole area.  How-
ever, by the collaboration of these information,
taking each one's advantages in their characteris-
tics and making up their disadvantages, we can
get a better comprehensive understanding of the
potential subsurface reservoirs, including both
qualitative predictions of reservoir distribution
and quantitative estimations of the lithological
parameters.  The discussed scheme has already
been succeeded in several practical cases, results
from one of which were also presented in this
paper.

The key fusing methods in the scheme are
neural networks.  Both supervised MLP neural
network and unsupervised SOMA methods are
applied in the scheme in a cooperation mode.
And human experts' knowledge and know-how is
also utilized to compensate for the insufficiency
and inaccuracy of those "hard" data.  We believe
that in those large practical problems, providing
human experts with the feasibility to interact with
those "automatic" algorithms is very important.

Although the described scheme is designed
for the special task of petroleum reservoir analy-
sis, the ideas and general procedures can be well

adapted to other similar problems, where multiple
information sources exist and each one alone is
incomplete and indeterminate.
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