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Abstract 
 
Neural networks can learn complex non-linear relation-
ship, even when the input information is noise and less 
precise.  It has made advances in classification, pattern 
recognition and process modeling.  It is well know that 
shaly formations gives some effects on the reservoir as 
reduction in storage capacity by  reducing effective poros-
ity and reduces the ability to transmit fluids by lowering 
permeability. The  presence of clay in a reservoir has two 
effects on petrophysical logs: lowers resistivity and it 
causes the porosity logs (sonic, neutron and density) to 
generally record too high a porosity  (Asquith, 1990).   
For neural application, the back propagation network was 
used, taking as reference the well logging and core data 
from three wells of Namorado Field of Campos Basin 
(Brazil) Finally, and error analysis was done taking the 
permeability values obtained from cores as reference. 
 

Introduction 

Petrophysical characterization is an important aspect in 
petroleum engineering.  This data, especially permeabil-
ity, can be obtained from well logging, cores and drill stem 
test.  Knowledge of permeability is important and its de-
termination is an active research area in petroleum indus-
try, as there is no direct formula for calculation of perme-
ability from logs.  The conventional methods for permea-
bility calculation are core analysis and drill stem tests.  
However, these methods have some limitations and ex-
pensive (Kohli & Arora, 2014).  
 
Other indirect method used to know this parameter is the 
geophysical logging, which is performed in almost all 
wells, either during or immediately after the drilling pro-
cess. Coring is another technique used but generally 
done in some wells in a new area and in some specific 
depth intervals.  Although expensive, it would provide 
valuable information.  In order to know this parameter, the 
computational technique of artificial neural networks was 
used.    
 
Artificial neural networks are computational devices 
whose conception has been motivated by our current 
knowledge of biological nervous systems, and offers an 
alternative to the traditional computational approach 

based on sequential and algorithmic processing (Shokir et 
al., 2006).  
The back propagation neural network is probably the 
most well-known and widely used feedforward neural 
network system. The term back-propagation refers to the 
training method by which the connection weights of the 
network are adjusted.  During operation, all information  
flow is feedforward.  Figure 1 shows the basic structure of 
the backpropagation network.  
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Figure 1. Basic structure of a back - propagation network 
(Kohli & Arora, 2014) 

  
 
In this Figure, a group of neurons, called input neurons, 
receive information from the real world.  These neurons 
are interconnected to another layer, called the hidden 
layer, and they, in turn, are interconnected to output neu-
rons.  Each interconnection has a numerical value, called 
weight (W); depending on the weights, different input 
patterns can result in the firing of one or more output 
neurons.  Through training, the output neurons are taught 
to give the correct answer.  The output patter is them 
compared to the desired output, and an error signal is 
computed for each output unit (Ali, 1994). 
 
This technique was applied using the well logs and core 
information from three wells of the Namorado Field.  Ac-
cording to Guardado et al. (1990), the Namorado Field 
was discovered in 1975, and is located in the central part 
of the Campos Basin, about 80 km from the coast of the 
state of Rio de Janeiro, in water depth of 110-250 m. The 
oil accumulation is controlled by turbidites, sandstones 
and structural attributes. The reservoir is sealed by a 
mixture of limestone and clay, with hemipelagic shale 
sequence. The Namorado sandstone consists of several 
layers of turbidites sands with alternate shale layers. 
These sandstones are coarse grained with locally arkose 
sections and conglomerates (Barboza, 2005).   
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Method 

 
The following well logging geophysical data was consid-
erate as input for neural network application: gamma ray 
(GR), density (RHOB), neutron (NPHI), sonic (DT) and 
resistivity (ILD) logs.  Also was included core permeability 
data.  These information was taken for three wells: 3NA 
002 RJS, 3NA 004RJS and 4RJ 0042RJS.   
As a first stage, a preliminary analysis in calculating sha-
liness using  GR and the joint of density and neutron for 
these three wells.  The gamma ray clay indicator VCLGR 
(green curve of the fifth track of figures 2, 3 and 4) was 
calculated using the following equation 1: 

GrCleanGrClay
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VclGr

−

−
=  (Eq.1) 

The double clay indicator work on the principle of defining 
a clean line and a clay point.  The clay volume (VCLND 
red curve of figures 2, 3 and 4) is calculated as the dis-
tance the input data falls between the clay point and the 
clean line. The following equation 2 was used:  
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where DC1, NC1, DC2 and NC2 are the density and neutron 
values for the two ends of the clean line.  
 
Based on these results, the log was divided in different 5 
zones, as shown in Figure 2, 3 e 4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
a  
 
 
 
 
 
d 

Figure 2. Shaliness calculation for 3NA 002 RJS 
 
In Figure 2, zones 1, 2 and 3 are characterized for having 
a decreasing shaliness from top to 3050 m.  Below this 
zones, there is an heterogeneous distribution of clay.  For 
this well was taken 30 core data available for permeability 
and corresponds to an interval of 3044 - 3054 (zone 3 
and upper part of zone 4). 
 
For well 4RJ 0042 RJ in Figure 3, there was defined 4 
zones taking the shaliness as reference.  Zones 1 and 4 
have lower values of shaliness.  Zone 2 has a highest 
value on the top and zone 3 shows different values from 

those parameters: VCLGR and VCLND, showing pres-
ence of arkose elements.  Core data corresponds to 15 
values of permeability to the interval of 3131 - 3140 m 
belonging to the zone 4.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 3. Shaliness calculation for 4RJ 0042 RJ 
 
 
The same procedure was done with data from the well 
called 3NA 004RJS and the results are shown in the 
Figure 4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Shaliness calculation for 3NA 004 RJS 
 
 
In Figure 4 the interval logged was divided into 6 zones.  
Zones 1 and 2 having the higher values of shaliness, 
Zones 3, 5 and 6 the lower values and intermediate val-
ues for zone 4.  Core data corresponds to 19 measure-
ments from the  3037 - 3053 m depth and located in zone 
3. 
 
After this previous task, this information was used for 
neural network application, using the back propagation 
method.  For each well was chosen the best suit of geo-
physical log in order to get the minimum error according 
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the obtained results.  For this work, the Interactive Petro-
physics Software was used as interpretation tool.  
 
Results 

The first case to be studied was made with the well 3NA 
002  RJS, as shown in Figure 5. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. Permeability curve obtained for 3NA 002 RJS 
 
In this Figure the well log curves chosen was the neutron 
(NPHI on track 3), density (RHOB on track 4), gamma ray 
(GR on track 5), and the result from the shaliness calcula-
tion (VCL on track 6).   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Table 1. Comparison between permeability core data and 
values predicted for 3NA 002 RJS 

 
Track 7 shows the permeability core values (black dots) 
and the curve in red is the result values of permeability. 
Track 2 shows a blue zone as the interval training depth 
chosen by getting the predictive responses.  
 
Resistivity and sonic log were considered in the initial 
stage of the simulation, however these logs were discard-
ed because the results showed greater error in their re-
sponses. The resistivity effect on the preliminary results  
can be explained by the irregular presence of dispersed 
clay causing an increasing in conductivity values, and by 
other hand, the responses obtained by including sonic  
log is because shale are sensitive to the effect of compac-
tion.  As mentioned earlier, core data belongs to the inter-
val 3044 - 3054 m, from zone 3 and 4 and these values 
are shown in the second column of Table 1. This table 
shows a comparison between real and predicted data of 
permeability, and the error calculated for each real data 
core. The highest error is located in the top of the training 
zone, possibly because the training zone are located in 
two different zones. 
 
For the second case, the results obtained for the well 4RJ 
0042 RJ is shown in Figure 6.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6.  Permeability curve obtained for well 0042RJ 
 
 
In this well, as in the previous case, the resistivity and 
sonic log were omitted and chosen NPHI, RHOB, GR logs 
and VCL results and core information for training data.  
Track 7 shows the permeability core values (black dots) 
and the red curve is the predicted values of permeability 
after using neural network. Track 2 shows a blue zone as 
the interval training depth. Core data corresponds to the 
interval 3131 – 3140 m and in this case, all core values 
belong to the zone 4.  In this case, comparing the perme-
ability values show a minimal error between them and the 
values are consistent in the adjacent zones. Numerically 
this fact is observed in the Table 2 and this consistency in 
the results might be explained because the core values 
belong to the same zone. 
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Table 2. Comparison between permeability core data and 

values predicted for 4RJ 0042RJ  
 
 
Finally, neural network was applied in 3NA004RJS data 
for the same group of geophysical log: NPHI, RHOB, GR 
logs and VCL results, and core data of 19 values of per-
meability, corresponding to the zone 3, as shown in Fig-
ure 7 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 
Figure 7.  Permeability curve obtained for well 

3NA004RJS 

 
Core data corresponds to an interval 3037 – 3053 m and 
these values belong to the zone 3 obtained from prelimi-
nary interpretation.  In this case, permeability data core 
and neural network result shows good agreement in their 
responses.  Table 3 shows this comparison between 
these values this consistency in the results might be ex-
plained because the core values belong to the same 
zone.  This zone is characterized by having low values of 
shaliness with high values of permeability.  For other 
values predicted there is a good consistency in their re-
sults when shaliness has high values.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 3. Comparison between permeability core data and 

values predicted for 3NA004RJS  
 

 
Conclusions 
 

The results were satisfactory for all wells studied even 
when shaly formations are present. Thus, the application 
of neural network technique proved to be efficient for its 
application in shaly formations. Analyzing for each well, in 
the first case (3NA 002RJS), results based on table 1 
showed an average error of 0.209, a value that can be 
considered adequate, even the sample  values 
corresponding to different zones according to the prelimi-
nary interpretation, with presence arkose and showing 
some differences if comparing with the results obtained. 
For the second case (well 4RJ 0042RJ) shows a good fit 
with results obtained, given an average error of 0,046 
(from table 2) and having high permeability values.  In the 
last case, considering the well 3NA004RJS, the average 
error was 0,216 and core data correspond to an interval 
of low permeability (low presence of clay) but with a larger 
range of permeability values and this fact was not a limita-
tion for the application of the neural network technique. 
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