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ABSTRACT 

Condensate-to-gas ratio (CGR) plays a significant role in sales 

potential assessment of both gas and liquid, design of the 

required surface processing facilities, and reservoir 

characterization and modeling in gas-condensate reservoirs.  

Precise field and laboratory determination of the CGR is time 

and people intensive.  Developing a rapid and inexpensive 

technique for accurate estimation of the CGR is inevitable.  

To tackle this issue, an intelligent model was proposed and 

the purpose of this paper is to illustrate how Fuzzy Decision 

Tree (FDT), which is an automatic method of generating 

fuzzy rules, can predict the condensate gas ratio, as a vital 

parameter in order to design the necessary wellhead 

production facilities in retrograde gas reservoir.  As the FDT 

method is strongly based on applying widely and effectively 

the concept of ambiguity and furthermore, to do this project 

more accurately and less dependent on experts' knowledge, it 

was decided to gain from piecewise linear membership 

functions (MFs) whose parameters have automatically been 

dedicated through calculating a very special method of 

possibility density function (pdf). In conclusion, according to 

the calculated result, it is possible to exploit this method for 

CGR prediction field wide. The Fuzzy model was evaluated 

using the experimental data combined with some PVT data 

from the open literature.  The model predictions were 

compared with the data from the actual field data and 

experimental runs.  Results from this study indicate that the 

developed model can predict the CGR with good precision.  

The proposed model can serve as a reliable tool for quick and 

cheap but effective assessment of the CGR in absence of any 

adequate laboratory or field data. 

General Terms 

Fuzzy Logic, Artificial Intelligence 

Keywords 

Fuzzy Logic, Decision Tree, Condensate Gas Ratio, 

Membership Function, Fuzzy Rule  

 

1. INTRODUCTION 
Increasing the gas cost and exploration of this kind of 

reservoir [1] show that these reservoirs become more and 

more valuable. It because of lower environmental damage [2]. 

Moreover, condensate liquid components have been more 

valuable than the gas, because of easy transportation 

especially in the places far from gas market or transport 

system [3]. As a result, understanding nonlinear and complex 

behavior of gas condensate reservoir is very important and 

also its one of the most difficult, onerous and challenging 

problem in petroleum reservoir engineering [4, 5]. On the 

other hand behavior of gas condensate depends on PVT 

properties [4].  

In the gas condensate reservoir, condensate liquid build up 

near well when the pressure drop below the dew point 

pressure [3, 5, 6, 7, 8, 9]. This problem called condensate 

blockage [3] reduces permeability in the place that condensate 

is formed [6, 8, 10] because liquid has lower mobility than the 

gas and high liquid-to-gas ratio [7, 11]. Due to these 

specifications some of the liquid in the reservoir is lost [11]. 

As a result it effects on productivity index because of 

accumulation of the condensate [11, 12]. Consequently, 

prediction of gas condensate reservoir is very important. 

Estimate the initial in place reserves and recovery factor are 

essential [12, 13] and these parameter depend on the liquid 

gas ratio production. It is defined by gas condensate ratio 

(CGR). CGR is very important parameter in gas condensate 

reservoir because condition of phases can be predict, the 

quality and quantity of facility can be designed, the economy 

of the reservoir can be predict, it can help numerical 

modeling, recovery factor and gas in place (GIP) can be 

estimated and etc. [1, 3, 14] 

CGR depends on some factors [14] 

 Gas composition 

 Pressure 

 Temperature 

 API gravity 

 Relative quantity of oil and gas 

undergoing equilibration 
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CGR can be calculate using three method; experimental data, 

equation of states and correlations [15, 16, 17]. 

 By using PVT tests, CGR can be 

measured. But we need sample of the reservoir. 

Sampling of the gas condensate reservoir has its 

problems. As a result obtain CGR from 

experimental data is expensive, complex, energy 

and time consuming, in errors, unavailable all time, 

inability to obtain representative sample and etc. 

[17, 18, 19, 14] 

 Equation of state need calibration from 

experimental data [14, 15] and it is not a good 

prediction measurement.  

 Correlation cannot use in general cases 

and each field has its specific correlation. More 

over temperature in constant component cannot 

duplicate in this case. As a result these correlation 

should be obtain and test for each petroleum 

component. [4]. 

 

2. METHODOLOGY 
To describe problematic issues in the current world where we 

do live in, we need to challenge with not exact, ambiguous 

and vague information [20]. As a result, Fuzzy Logic (FL) 

theory was primarily introduced by Lotfi A. Zadeh to defeat 

probable obstacles [21]. In more details, FL is an extended 

version of Boolean logic in which members of each set is 

dedicated by a unique degree [22]. In other words, objects are 

supposed to be a member of a set to some degree. It uses the 

spectrum of logical values between 0 (completely false) and 1 

(completely true) [23]. There are a numerous number of 

distinguished models of Membership Functions (MFs) whose 

parameters can be determined either automatically or by 

experts. In this study, to do prevent any misunderstanding, it 

has been decided to utilize an automatic MF generator, 

proposed in [24], which gains from the benefits of a special 

method of Possibility Distribution Functions (pdf), referring 

to pdf functions as a method of MFs designing has been a 

topic of some relevant discussions since FL was proposed 

[25], which is based on Parzen window and related research 

[26-28]. 

𝑝𝑑𝑓𝑗  𝑥 

=
1

 2𝑚𝑗𝜋  𝑚𝑎𝑥 𝐼𝑗  − 𝑚𝑖𝑛 𝐼𝑗   
 𝑒𝑥𝑝  −

𝑚𝑗

2
 

𝑥 − 𝑥𝑖

𝑚𝑎𝑥 𝐼𝑗  −𝑚𝑖𝑛 𝐼𝑗  
 

2

 

𝑚 𝑗

𝑖=1

 

In order to develop MFs, 158 series of gathered data (214 

series) were randomly selected and the other series remained 

to test the model. Mfs of CGR and its affecting parameters, 

Pd, T and MW, based on the discussed technique are as 

below: 

Figure 1: Estimated distribution related to intervals I1, I2, 

I3 for Temperature. 

Figure 2: Membership functions of the decision classes L, 

M, and H connected with Temperature. 

Figure 3: Estimated distribution related to intervals I1, I2, 

I3 for Dew Point Pressure. 
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Figure 4: Membership functions of the decision classes L, 

M, and H connected with Dew Point Pressure. 

Figure 5: Estimated distribution related to intervals I1, I2, 

I3 for MolecularWeight.

Figure 6: Membership functions of the decision classes L, 

M, and H connected with Molecular Weight. 

 

 

Figure 7: Estimated distribution related to intervals I1, I2, 

I3 for CGR. 

 

Figure 8: Membership functions of the decision classes L, 

M, and H connected with CGR. 

To conclude a CGR model as an extremely needed, industrial 

and concerning issue in upstream oil connected industries 

from these data, determined by their membership degrees, 

generating classification rules with linguistic terms is highly 

demanded to design efficiently wellhead facilities and 

equipment. Furthermore, it has been considered that a RBS 

can be paid attention as a remedy for vital, essential and 

critical reservoir engineers' challenging problems which most 

of them can implicitly be interpreted as a result of not having 

a precise model of CGR predicting.  To construct fuzzy rules 

there are 3 probable methods [29] which are (1) From Human 

Experts: (2) Through literature Survey and (3) Automatic 

Rule Generation.  To follow automatically this part of work 

and produce required rules there are some distinguished and 

well known techniques [30-32]. FDT is one of recent and 

cutting edge methods to generate automatically the fuzzy 

rules.  

 

 Description of the inductive fuzzy decision tree 

method 

Applying this method, results in generating series of 

fuzzy rules which characterize in linguistic terms. Its benefits 

can be summarized in measuring cognitive uncertainties and 

minimizing classification ambiguity when fuzzy evidences are 

present [33-34]. A membership function µ(x) of a fuzzy 

variable Y defined on X , can be assumed as a possibility 

distribution of Y on X, that is π(x) = µ(x), for all x ∈  X. The 

possibility measure Eα(Y) of ambiguity is defined as  
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𝐸𝛼 𝑌 = 𝑔 𝜋 =   𝜋𝑖
∗ − 𝜋𝑖+1

∗   ln 𝑖 ,

𝑛

𝑖=1

 

where 𝜋∗ =  𝜋1
∗ , 𝜋2

∗ , … , 𝜋𝑛
∗   is the permutation of the 

possibility distribution 𝜋 =  𝜋 𝑥1  , 𝜋 𝑥2  , … , 𝜋 𝑥𝑛   sorted 

so that 𝜋𝑖
∗ ≥ 𝜋𝑖+1

∗  for 𝑖 = 1,… , 𝑛, and 𝜋𝑛+1
∗ = 0 [35]. The 

ambiguity of attribute A is then calculated as 

 

𝐸𝛼 𝐴 =
1

𝑚
 𝐸𝛼 𝐴 𝑢𝑖  

𝑚

𝑖=1

 

where Eα A ui  = g  μTs ui /max1≤j≤s  μTj μi
   , with Tj  

the linguistic scale used within an attribute for  cases. 

Overlapping exist when there is overlapping between 

linguistic terms. The degree which A is a subset of B is 

measured through fuzzy subset hood S(A,B) and is given by 

[17]   
 

𝑆 𝐴,𝐵 =
 𝑚𝑖𝑛 𝜇𝐴 𝑢 , 𝜇𝐵 𝑢  𝑢∈𝑈

 𝜇𝐴 𝑢 𝑢𝜖𝑈
, 

 

Which all attributes are over the same set of objects. 

The possibility of classifying an object to class Ci, 

according to the given fuzzy evidence E can be defined as  

 

 𝜋 =  𝐶𝑖|𝐸 =
𝑆 𝐸,𝐶𝑖 

𝑚𝑎𝑥 𝑗  𝑆 𝐸 ,𝐶𝑗  
 , 

 

Where S E, Ci  performs the degree of truth for the 

classification rule (that is E  Ci). The classification 

ambiguity based on a single piece of evidence (a fuzzy value 

for an attribute) is defined as 

 

𝐺 𝐸 = 𝑔 𝜋 𝐶|𝐸  . 
   

G P|F  is the classification ambiguity with fuzzy partitioning 

P =  E1 , … , Ek  on the  fuzzy evidence F which is the 

weighted average of classification ambiguity with each subset 

of partition: 

 

𝐺 𝑃|𝐹 =  𝑤 𝐸𝑖|𝐹 𝐺 𝐸𝑖 ∩ 𝐹 ,

𝑘

𝑖=1

 

 

Where 𝐺 𝐸𝑖 ∩ 𝐹  is the classification ambiguity with fuzzy 

evidence𝐸𝑖  ∩ 𝐹, and where 𝑤 𝐸𝑖|𝐹  is the weight 

 𝑤 ∙  which indicates the relative size of subset 𝐸𝑖 ∩ 𝐹 in  𝐹: 

 

𝑤 𝐸𝑖|𝐹 =
 𝑚𝑖𝑛  𝜇𝐸𝑖

 𝑢 ,𝜇𝐹 𝑢  𝑢∈𝑈

   𝑚𝑖𝑛  𝜇𝐸𝑗
 𝑢 ,𝜇𝐹 𝑢  𝑢∈𝑈  𝑘

𝑗=1

.    

 

In short, depend on the lowest level of ambiguity attributes 

are assigned to nodes. A node is terminated (becomes a leaf 

node), if degree of subset hood (based on the intersection of 

the nodes from the root) is higher than a truth value β [36-38].  

3. Results and Discussion 
In this paper it was decided to have 3 different classes for 

each of attributes, Low (L), Medium (M) and High (H). 

Moreover, through applying β value equating with 0.7 and 

after calculating the mentioned method, the succeeding results 

obtained as shown below:  

 

 
Figure 9: Schematic structure of fuzzy decision tree for 

CGR. 

Table 1 : Class ambiguity values for each input attribute 
Attribute MW T Pd 

G(E) 0.248 0.7623 0.6324 

 

After finishing the process of constructing the FDT and 

extracting rules, 56 series of data in the set of testing were 

feed to the model and R-square of 0.631 was calculated for 

the responses. 
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Figure 10: The performance of predicted values of CGR 

vs. the measured 

 

Figure 11: The comparison between predicted and 

measured values of CGR for each sample of testing set 

4. CONCLUSIONS 

Based on results obtained from this work following 

conclusions can be drawn: 

However, it is acknowledged that in the current research the 

decision rules were restricted to three outcomes, identifying 

only low, medium and high fee levels. Clearly, if more 

intervals are specified more precision can be obtained with 

reference to the subsequent decision outcomes, depending on 

the particular application and the degree of clarity of linguistic 

interpretation required. Future research could examine the 

sensitivity of the results, by extending the analysis to 

petroleum applications, and in terms of increasing the classes 

(number of MFs) describing each attribute, together with the 

type of MF selected and the loss function associated with 

model errors. 

This paper is concerned with the construction of a set of fuzzy 

rules using typical data reported in open literature and South 

pars gas reservoir. Central to the underlying philosophy 

towards this method has been the automation of the process to 

construct the fuzzy rules which limit the parameters which 

must be pre-specified by the expert (i.e. truth levels and 

number of membership functions).  
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