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ABSTRACT  

Porosity-permeability relationships in the 

framework of hydraulic flow units can be used to 

characterize heterogeneous reservoir rocks. A 

Hydraulic Flow Unit (HFU) with identical hydraulic 

properties shows Flow Zone Indicator (FZI) with 

close values. In the present study, we attempt to make 

a quantitative correlation between flow units and well 

log responses using Neuro-fuzzy method in the Shaly 

sandstone Balakhani Formation at the Shahdeniz 

oilfield, South Caspian. First, HFUs are determined 

to improve the prediction of flow units in 

interval/wells. These measures are based on porosity 

and permeability of cores. A popular Neuro-fuzzy 

method, i.e., Adaptive Network-based Fuzzy 

Inference Systems (ANFIS), that is based on 

combination of adaptive neural networks and fuzzy 

inference systems (FIS) is then used to offer a 

powerful tool for improving the flow units prediction. 

The results of this study demonstrate that there is a 

significant agreement between the core-derived and 

ANFIS-based logs derived flow units. The conducted 

experimental results show that ANFIS method is 

efficient for modeling the flow units from well logs at 

well locations of which no core data was available. 

NOMENCLATURE 
ANFIS = Adaptive Network-based Fuzzy Inference 

System 

DT= sonic log 

FIS = Fuzzy Inference System 

FZI = Flow Zone Indicator 

GR = gamma ray log 

HFU = hydraulic flow unit 

Kcore = core permeability, md 

NN = Neural Network 

PHI core = core porosity, v/v 

RHOB = density log, gr/cc 

RQI = reservoir quality index, μm 

 

INTRODUCTION 
 

The degree of success of many oil and 

gas drilling, completion, and production 

activities depends on the accuracy of the 

models used in a reservoir description.  

   The hydraulic flow unit concept has 

widely been used in reservoir 

characterization (e.g. Amaefule et al.,1993; 

Abbaszadeh et al., 1996; Elkewidy 1996; 

Fahad and Holditch 2000; Elgaghah et al., 

1998, 2001; Jongkittinarukorn and Tiab, 

1997; Padalko, 2003; Prasad, 2003; 

Desouky, 2004; Larue and Legarre, 2004; 

Svirsky et al., 2004; Perez et al., 2005; 

Aggounet al., 2006; Amabeoku et al., 2006). 

Detailed knowledge of the porosity and 

permeability distribution within a reservoir 

rock, helps to identify high quality zones 

and helps us in selection of optimal well 

locations. 

     One of the first practices was to find 

correlations between permeability and other 

reservoir characteristics such as porosity, or 

well logs. Samples extracted from cored 

wells, were used in laboratory to find values 

of porosity and permeability; likewise, logs www.SID.ir
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were taken in the same wells. Correlations 

were obtained from permeability vs. porosity 

plots or from functional transformation on 

the well logs, wherever enough information 

was available. These correlations were 

extrapolated to wells where little or no 

information was available. In order for this 

method to work, a high amount of reservoir 

samples were required, something expensive 

to get 

 So, approaches based on identification of 

an exact model identifying all the factors, are 

difficult to implement. Several researchers on 

methods for parameter estimation in oil 

applications, tend to use artificial intelligence 

techniques which are also known as soft 

computing techniques, as an alternative to 

traditional methods. The best known soft 

computing techniques are neural networks, 

fuzzy logic and genetic algorithms. 

Neural networks are estimation tools 

which do not need the definition of a specific 

mathematical model. Models used in neural 

networks are already defined. Most of the 

efforts are concentrated on identifying values 

for the network parameters which can be 

estimated through a training or learning 

procedure. With the input data, the network 

can recognize the pattern of permeability 

distribution and adapt itself so that it can 

forecast the pattern. 

Fuzzy logic uses the benefits of 

approximate reasoning. Under this type of 

reasoning, decisions are made on the basis of 

fuzzy linguistic variables such as low, good 

and high, with fuzzy set operators such as 

and, or. This process simulates the human 

expert’s reasoning process much more 

realistically than do conventional expert 

systems. Fuzzy-set theory is an efficient tool 

for modeling the kind of uncertainty 

associated with vagueness, imprecision 

and/or a lack of information regarding a 

particular element of the problem at hand. 

A hybrid technique combining neural 

networks and fuzzy logic, called Adaptive-

network Fuzzy Inference Systems or ANFIS 

will be explored in this paper, as a solution 

to estimate FZI values. The fundamental 

concepts of adaptive networks and ANFIS 

will be described. 

     Then, a sample case using the ANFIS 

methodology will be presented. Finally, 

some conclusions on the obtained results 

will be drawn. 

 

MATERIALS AND METHODS 

Adaptive-Network-based Fuzzy 

Inference Systems: 

ANFIS 

ANFIS is a class of adaptive networks 

which are functionally equivalent to fuzzy 

inference systems, where the parameters are 

chosen so as to tailor the membership 

functions to the input/output data in order to 

account for all the variations in the data 

values. This technique is known as neuro-

adaptive learning and is similar to that of 

neural networks. 

ANFIS is based on a neuro-adaptive 

learning technique. 

     Using a given input/output data set, 

ANFIS constructs a fuzzy inference system 

whose membership function parameters are 

adjusted using either a backpropagation 

algorithm alone, or in combination with a 

least squares type method. This allows fuzzy 

systems to learn from the data that they are 

modeling. 

     To describe the ANFIS methodology, 

the fuzzy inference systems is represented as 

an adaptive network in the following way. 

Suppose a fuzzy inference system with two 

inputs x and y and one output; its rule base 

contains two fuzzy if-then rules of Takagi 

and Sugeno’s type: 

Rule 1: If x is A1 and y is B1, then f1 = 

p1 x + q1 y + r1 

www.SID.ir
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Rule 2: If x is A2 and y is B2, then f2 = p2 

x + q2 y + r2 

 

This systems is illustrated in Fig.1 

 

 

 

     

 The corresponding equivalent adaptive 

network is shown in Fig. 2. Node functions 

in the ANFIS network are described 

below(R.SotoB.et.al, 2001):  

Layer 1. Every node i in this layer is a 

square node with a node function. 

 

Oi
1
=μ Ai(x) 

 

Layer 2. Every node in this layer is a circle 

node labeled Π which multiplies the 

incoming inputs and sends deproduct out. For 

instance, 

 

w = μ Ai (x) × μ Bi (y),       i = 1,2.  

 

Layer 3. Every node in this layer is a circle 

node labeled N and contains a normalization 

function: 

 

�̅�𝑖
𝑤𝑖

𝑤1 + 𝑤2
 , 𝑖 = 1 , 2 

 

 

Layer 4. Every node i in this layer is a 

square node with a node function: 

 

𝑂𝑖
4 = �̅�𝑖𝑓𝑖 = 𝑤𝑖(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖) 

 

Layer 5. The single node in this layer is a 

circle node labeled Σ which computes the 

overall output as the summation of all 

incoming inputs: 

 

𝑂𝑖
5 = ∑ 𝑤𝑖̅̅ ̅𝑓𝑖𝑖  

 

      Thus, an adaptive network, which is 

functionally equivalent to a fuzzy inference 

system, has been constructed. The next step 

is to apply the procedure described in the 

previous section in order to calculate the 

network parameters which consequently will 

become the fuzzy inference system 

parameters. For other types of fuzzy 

inference systems, the extension is 

straightforward. In a conventional fuzzy 

inference system, the number of rules is 

decided by an expert who is familiar with 

the system to be modeled. In the ANFIS 

simulation, however, no expert is available 

and the number of membership functions 

assigned to each input variable is chosen 

Fig. 2. Equivalent ANFIS to Fuzzy inference(from 

R.SotoB.et.al, 2001). 

system. 
 

Fig. 1. Schematic diagram of a neuro-fuzzy 

system (from Kamali and Mirshady, 2005). 
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empirically, i.e., by examining the desired 

input-output data and/or by trial and error. 

This situation is much the same as that of 

neural networks; there are no simple ways to 

determine in advance the minimal number of 

hidden nodes necessary to achieve a desired 

performance level. 

     For testing ANFIS on FZI prediction, 

the Fuzzy Logic Toolbox from MATLAB11 

was used. This toolbox includes a utility for 

processing ANFIS, called anfis. This utility 

allows: 

• Load and plot data (training, testing and 

checking) 

• Generate an initial Fuzzy Inference 

System or load an existing one. 

• Choose the FIS model parameter 

optimization method: 

backpropagation or a mixture of 

backpropagation and least squares (hybrid 

method). 

• Choose the number of training epochs 

and the training error tolerance. 

• Choose a partitioning method: grid 

partitioning or 

subtractive clustering. 

• Train the FIS model. This training 

adjusts the membership function parameters 

and plots the training error plot(s). 

• View the FIS model output versus the 

training, checking, or testing data output. 

 

The methodology is divided into four 

steps: (1) data preparation and processing; 

(2) identification of hydraulic flow units; (3) 

predicting flow units using neuro-fuzzy 

modelling; and (4) predicting flow units 

using a neural network approach to evaluate 

the neuro- fuzzy logic results.  

 

Predicting flow units using fuzzy logic 

     In this paper, a neural network technique 

has been used for flow-unit prediction in 

order to verify the results of neuro-fuzzy 

modeling. Porosity and permeability data 

from cores together with well log data from 

six wells (sdx1-sdx6) in the Shahdeniz 

oilfield were used in this study. 

     Data from wells sdx6, and used for the 

construction of intelligent models (3500 data 

points); data from well sdx4 was used for 

testing the reliability of the models (219 data 

points); and data from well (sdx1,sdx2,sdx3) 

for generalization. Data from the first three 

wells comprised both core and log 

information; for the last well, only well logs 

were available. Depth matching procedures 

were carried out to ensure the correct 

reading of well-log data against core 

porosity and permeability. 

 

Hydraulic flow units (HFUs) Definition: 

Hydraulic flow units are defined as 

correlationable and mappable zones within a 

reservoir which control fluid flow (Ebanks, 

1987). Each flow unit is characterized by a 

flow zone indicator (FZI), which can be 

understood in terms of the relationship 

between the volume of void space (ε), and 

the geometric distribution of pore space 

(quantified as the reservoir quality index, 

RQI) as follows (Amaefule et al., 1993): 

 

Log RQI = Log FZI + Log ε  

 

where ε = φ / 1- φ  

 

RQI and FZI can be calculated using the 

following equations: 

 

   =    314 √   𝜑 

 

   =    314   √   𝜑 =       
 

 
Where k is permeability in mD and φ is 

fractional porosity. 

Rocks with a narrow range of FZI values 

belong to a single hydraulic unit, i.e. they 
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have similar flow properties (Prasad, 2003) 

fig.3.   

 

 

The relationship between ε and RQI has been 

used to show that samples with similar       

FZI values lie close together on a semilog 

plot of porosity versus permeability 

(Amaefule et al., 1993). The porosity 

permeability relationship on the plot can be 

defined uniquely for each hydraulic unit. The 

permeability variation in a given reservoir is 

found in relation to hydraulic units with 

similar FZI values (Amaefule et al., 1993). 

Permeability can determined from the mean 

FZI value for the corresponding HFU and 

known value of porosity, using the following 

equation fig.4.: 

 

  =  1 14    2   
3 (1     

2) 
 

where 1014 is the permeability conversion 

factor from μm2 to mD. Further details on 

flow unit theory can be found in papers by 

Amaefule et al. (1993), Abbaszadeh et al. 

(1996) and Svirsky et al. (2004).  
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Fig. 3. Cross-plot showing the porosity-permeability relationship of HFUs1-6, wells SDX1,2,3 
 

Fig.4. K from Core vs K from FZI 
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RESULTS AND DISCUSSION 

 

FZI Model from intelligent hybrid system: 

  

In the intervals/wells uncored the only 

available tool to reproduce the FZI model are 

the log curves. Usually, companies run 

different kind of tools to record the 

formation. For this reason a big group of 

curves that can be used to generate the 

model. 

Normally models just need a small number 

of variables to attain reliability.  

 The variables GR, PHIT, RHOB, DT and  

have the highest correlation coefficients with 

the logarithm of FZI (denoted as L_FZI). But 

yet there remain a great number of variables 

to predict L_FZI. In this case a principal 

factor analysis has to be carried out in order 

to choose the dominant input variables for 

the model.  it can be concluded that RHOB, 

GR and DT are enough to generate a 

trustworthy model to reproduce L_FZI. With 

all that arguments a hybrid system was 

trained to reproduce the L_FZI  fig.5,6.  

 
 

 

 

Fig. 7 shows the main window of the 

ANFIS tool from MATLAB, where the 

dominant variables to predict L_ZFI were 

loaded.  

 

 
Fig.5.corrolation between lithology, FZI, HFU 

Fig.6. Graphical illustration flow units 

obtained from core data and neuro-fuzzy 

technique 
 
 
 

Fig.7. Main window of ANFIS tool in MATLAB 
 www.SID.ir
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Fig.8 is a plot of the FZI calculated from 

core data and the FZI obtained from hybrid 

system and fig.6 is a plot of FZI calculated 

from core and neural network system. The 

square correlation coefficient is 0.78.  As can 

be seen for hybrid system that is more than 

neural network 0.61.  this model is reliable 

for predicting permeability from log curves 

in all intervals/wells uncored. 

 

 
 

      

 

 

 

 
 

 

CONCLUSIONS 

paper suggests a methodology to integrate 

core and  well log measurements. This 

methodology applies advanced soft 

computing techniques such as multivariate 

statistical analysis, fuzzy logic and neural 

networks to predict rock types, hydraulic 

flow units and permeability in uncored 

intervals/wells. Results from this study show 

that neuro-fuzzy logic can successfully be 

used in the quantitative formulation of well 

log responses with hydraulic flow units in 

the Shahdeniz oilfield. 

Similar results were achieved by the 

application of the neural network method in 

flow-unit estimation. In a test well where 

both core and well log data were available, 

the performance of the neuro-fuzzy logic 

technique was found to be more reliable 

than the neural network approach. 

Accordingly, the neuro-fuzzy logic 

technique was expected to provide more 

accurate and satisfactory results in wells 

with no core data. The estimated flow units 

derived from well log data were sufficiently 

reliable to be considered as inputs in the 

construction of 3D reservoir models. 

 
 

KEYWORDS 

Flow unit, neural network, ANFIS, hybrid 

systems, neuro-fuzzy approach 
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