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Abstract 

 
Offshore oil exploitation is a high-risk expensive 
activity, potentially leading to high payoffs. Generally, 
many different analyses are employed to diminish the 
risks of perforating a dry well or letting escape a 
productive one. One of the analyses involves 
determining rock lithofacies in specific points. Well 
testimonial material are extracted and sent to lab 
interpretation. Well log data represents indicators of 
oil existence. The geologists' task is to analyze well log 
data and define facies from these indirect 
measurements. Statistical methods, such as 
discriminant analysis, have been used with 
unsatisfactory results. We developed a system, nFac, 
which addresses this interpretation problem combining 
a variety of AI techniques. The tool has been 
successfully deployed in 2001 and used to analyze 
either national or international reservoirs. This paper 
discusses the application that uses a combination of AI 
tools to improve human intuition when analyzing the 
potential of oil fields. 
 
1. Introduction 
 
Most Brazilian oil reservoirs are located in offshore 
fields. This fact pushed the oil technology to overcome 
the difficulties of exploiting oil in deep-water areas.  
Although it pays the investment, there is still a high 
cost involved in finding these oil areas. 
There are three main scenarios when analyzing a 
potential oil field: perfect information, incomplete 
information and indirect analyses. The first scenario 

offers a low risk, but not economically viable 
approach. Rock samples are taken from all potential oil 
wells. Lab analyses define the rock components and, 
consequently, the potential benefit to extracting oil 
from the place from where the sample was collected, 
with good precision. 
The second scenario considers getting rock samples 
from specific areas, collecting indirect test data from 
all potential oil areas (including the rock sample 
locations) and trying to infer the mapping function 
between input (indirect measurements) and output 
(facies). Traditional statistical methods such as 
discriminant analyses have been applied but the low 
accuracy rates have urged for trying new methods.  
The third scenario considers getting none rock 
samples.  The analysis should be done on indirect data 
(well logs). Clustering methods can be applied to 
group data with similar behavior.  Comparing clusters 
from different oil field, but with potential similarities 
such as geographic location and rock sedimentation 
process, may help determine the field oil potential, of 
course, the precision of this last analyses decay 
considerable. However, in some circumstances this 
may be the only feasible method applicable. 
Although we also addressed the third scenario with 
some exciting results, we will focus the discussion on 
the second scenario due to availability of data to 
present. 
This paper discusses the use of nFac, a software tool 
that offers a range of AI techniques, to address the 
facies recognition problem with or without testimonial 
data. nFac is a cooperative decision-making tool that 



includes the geologist’s expertise to refine its problem 
solving process. 
The paper also highlights the use of Artificial 
Intelligence (AI) techniques, such as neural networks 
and fuzzy logic, to improve the results provided by 
traditional statistical methods. 
2. The Facies recognition task 
 
All printed material, including text, illustrations, and 
Either during or after a well drilling in petroleum 
exploitation, lots of information is collected from the 
rocks in the subsurface along the well bore. The 
continuous register of this information in depth 
constitutes the “well logs”, and they are taken in all 
potential wells areas. There are many types of well 
logs, and the most commonly used are: 
♦  Gamma Ray logs. 
♦  Spontaneous Potential logs. 
♦  Resistivity logs. 
♦  Sonic logs. 
♦  Density logs. 
♦  Neutron logs. 
♦  Nuclear Magnetic Resonance logs. 
♦  Dipmeter logs.  
These well logs are used to describe the rock types in 
the subsurface, the amount of porosity, the 
permeability and the types of fluids presented in pore 
spaces of the rocks. In some wells, rock samples, 
named cores, may be taken in a few intervals. These 
samples are sent to laboratorial testing to verify the 
real nature of the rock. Geologists try to understand the 
rocks on other points based on what is found in these 
cored wells and on the set of acquired well log data. In 
other words, they have a set of behavior curves for 
each point of the reservoir area they are studying. In 
very few of them, they may also have laboratorial 
results revealing the real properties of the rock. The 
geologist task is to infer the mapping function that 
represents the specific reservoir. Rock samples are 
extremely useful to calibrate the log measurements 
(core-log calibration), but when they are not available, 
geologists use clustering methods, seeking similarities 
with other known reservoir. Whatever the method, 
calibration is a key task to create trustworthy models 
[1]. 
In general, rocks from the core samples are described 
and classified into categorical classes named “facies” 
or “lithofacies”. Such facies represent rock types with 
known, well-defined geological characteristics.  
Usually, the assignment of defining facies from well 
data is an intermediate step for determining of 
petrophysical properties, such as porosity and 
permeability [2].  

Well logs are cheaper, faster and easier to obtain than 
well cores. For this reason, there is a great interest to 
find more reliable methods to predict rock components 
with minimal well core samples. Even with no core 
samples, clustering techniques may increase 
geologists’ intuition when classifying the areas. 
Inferring facies from well log curves is a very 
subjective task. Based on previous experience and 
expertise geologists have their own analysis method. 
Traditional statistics methods are not providing 
satisfying results. This domain scenario is a natural 
candidate for applying systematic or semi-systematic 
tools using AI techniques for guiding the analysis to 
similar trails. 

 
3. Background technology: Neural Nets, 
Fuzzy Logic and Neural Fuzzy systems  
 
The main title (on the first page) should begin 1-3/8 A 
statistics frequent problem common in many areas is to 
estimate a mapping function from a set of input 
(independent variable) and output (dependent variable) 
examples with little or no knowledge of the derived 
function. Therefore, the quality of the function 
depends upon the quality of these examples called the 
training set.  
Instead of explicitly programming these mapping 
functions, systems can be created using different 
techniques to generate a multivariable function from 
sparse data, such as:  

•  Statistical linear regression technique  
•  Logic induction  
•  Decision trees 
•   Association rules  
•  Belief networks  
•  Supervised neural nets  

All the above techniques depend upon the existence of 
the training set. We use the statistical method results to 
be the baseline for comparison because it was widely 
spread in the Brazilian oil company. 
Supervised learning can be made using multivariate 
statistics, particularly discriminant analysis [3]. This is 
the classical solution and has been used in the 
Brazilian oil company for decades. However, the 
company needed better (more reliable) solutions and 
the use of supervised neural networks was a low cost 
alternative solution to study. 
In our application, we use a typical back-propagation 
neural network, varying the number of layers for 
fitting purpose. There are up to five input curves and 
one output curve. The curves data are incomplete and 
noisy. Normalization, pruning and correlation analysis 



were used to select the curves and the parts of the 
curves that should be used to train the neural net[4]. 
It was a semi-automatic cleaning process in which the 
user could agree, impose other selection constraints or 
relax suggested restrictions. This partnership 
stimulates the geologists ‘analysis process. 
We also investigate the use of fuzzy logic to address 
the facies recognition problem in areas with no 
testimonial data. Fuzzy Logic has been applied to 
lithology with some success sometimes hardcoded [5] 
and sometimes with supervised learning [6] [7]. We 
built a classifier using fuzzy discretization that 
partitions the data considering Cartesian “distance” 
among the elements.  Tuning consists in defining the 
number of relevant answer sets. 
Joining neural networks and fuzzy logic provided an 
interesting alternative solution. We used similar 
fuzzification schemes. For each attribute of the input 
data, fuzzifying its value generated a vector of rule 
activation values. In the fuzzy solution the 

fuzzification generated a set of vectors(ui) and in the 
neuro-fuzzy solution we used a single concatenated 
vector u. 

The u vector is the input data to be applied in the 
radial basis neural network. 

 
4. nFac 
 
The system was designed to be simple, letting the AI 
techniques almost transparent to most end users. 
However, for users eager to mess up with the 
techniques there are options that allow them to change 
the neural net parameters and the fuzzification 
variables.  
The main interface is shown in Figure 1, from which 
users select the training data to build the model, to 
select the method to be applied and to run the model 
on new wells data. 

 
Figure 1: nFac main interface: the leftmost area shows the task phases while right area is the input data place.  

In the figure, the first column shows all possible parameters.  The following columns represent data from 
each imported well files. Users should associate the model variables with the imported data variables. 

 
 
 
 
 
 

 
 
 
 
 

 
 

Figure 2: One of nFac output screen showing the relation between output and input data. 
 



 
5. Results obtained 
 

By a confidential agreement signed with our 
customer we can not unveil oil field lozalization or 
rock composition. The we’ll use symbolic facies for 
describe the solutions. The basin used by test the 
workbench presents facies distribution in the soil such 
as X facies represents 46% of the samples, Y facies 
represents 31% and Z facies represent 23% of the 
samples. 
Figure 3 presents a comparison behavior using AI and 
non-AI techniques to recognize facies in 4 oil wells. 
As shown, the best results were obtained with standard 
neural networks techniques. The horizontal axis 
represents the different wells while the vertical axis 
represents the prediction success rate. We considered a 
set of 650 measures for each of the five log curves 
divided as follows: 

•  450 measures as training set,  
•  100 as the test set and  
•  the remainder as the validation set.  

Training was only done off-line. The comparison tests 
were made with standard BPN neural networks (three 
and four layers, input layers with 5 processing 

elements and output layers with four elements). For 
our fuzzy systems we considered three, five and seven 
discretization subsets and for our neuro-fuzzy systems 
we used a radial basis neural network and the same 
discretization scheme we considered for the fuzzy 
systems . Fuzzy and neuro-fuzzy solutions presented 
very similar results and they are not conclusive. It must 
be emphasized users have used successfully neural 
networks for years and are not so confident in fuzzy 
applications. 
Fuzzy parameters must be refined using a non-uniform 
discretization scheme for different variables and using 
different ranges for distinct values of physical 
properties of rocks represented by well logs. 
Figure 4, 5 and 6 show the results obtained by facies in 
four chosen wells.  
X facies is well determined in Neural and Fuzzy 
solutions. The best solution for Y facies is the Neuro-
Fuzzy system. Fuzzy solutions showed a poor 
performance for Z facies. One can see that Neural 
Networks obtains the best results. The workbench will 
contribute to better adjustment of specialist’s intuition. 
Another byproduct is the eventual adequacy of a type 
of solution for a specific type of basin or soil. 
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Figure 3 Comparison of hits: AI and non-AI techniques to recognize facies in oil wells 
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Figure 4 Facies Recognition performance using Neural Networks 
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Figure 5 Facies Recognition performance using Fuzzy Logic 
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Figure 6 Facies Recognition performance using Neuro-Fuzzy Systems 

 
 
6. Discussion 
 

The application was deployed in 2003. It has been 
in use by Brazilian oil companies every time they need 
to analyze a new oil field. The application was also 
successfully used with data from foreign oil reservoir.  

Geologists used the system with no help from our AI 
experts.  It was interesting to see the potential of the 
technology in a field with such high payoffs. The best 
evaluation comes from the users that completely 
change their working process including nFac as part of 
their decision process. 

The results using either Neural Nets, Fuzzy and 
neuro-fuzzy techniques overcame the results reached 



using their usual statistical package as shown in figure 
1., using a corpus of several oil wells (condensed in 4 
wells related). We observed that the specification of 
classes´ ranges, required in fuzzy, and were not well 
understood by the users.  Consequently, the results 
were biased against fuzzy. 

Consequently, it was fair to conclude that Neural 
Nets offers the best results to our facies recognition 
problem. 

Our future research will present the three solutions 
integrated offering the result obtained by the averaged 
majority of solutions. 

 
The best payoff is the quantum leap of the user-

friendly interface integrating a plethora of 
technologies. Geologists become more productive and 
confident. 
As additional benefits, we think geologists will 
discover the technique that better fits each particular 
rock type. 
The difficulties came from terminological 
discrepancies between geologists and AI professionals, 
overcame from an immersion process in the domain 
area. 
Generating a multitechnique workbench for lithologic 
studies is a strong impulse of confidence increase in 
rock estimation. This paper has shown only the gross 
results, whereas the developed application can show all 
the possible solutions through a graphical mode giving 
an excellent insight about the (expected) oil field. 
Generating a multitechnique workbench for lithologic 
studies is a strong impulse of confidence increase in 
rock estimation. 
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