
Hassan Alkandari, Adel Elsharkawy, Adel Malallah, Osamah Alomair1Journal of Engg. Research Vol. 5 No. (6) March 2018 pp.

تقدير ال�شغط الت�شبعي لمكامن النفط بطريقة فعالة 

با�شتخدام وبناء نماذج تركيبية ب�شيطة

د. ح�شن احمد الكندري، اأ.د. عادل محمد ال�شرقاوي، د. عادل ح�شين مال الله، د. ا�شامه علي العمير

ق�سم هند�سة البترول - كلية الهند�سة والبترول - جامعة الكويت
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الخـلا�شـة

الت�سبع الحرج وذلك عند  اإلى  الغاز  الهيدروكربونية. ي�سل �سغط  المكامن  الت�سبع حا�سمة لجميع �سوائل  قيا�سات �سغط 

انخفا�ض �سغط النفط اإلى اقل من �سغط الت�سبع. بعدها ي�سل المكمن الى حالة التدفق الثنائي والذي ينتج عنه انخفا�ض كمية 

الت�سبع  المكمن الى �سغط  تقارب �سغط  المحافظة على  النفط، يجب  ا�سافية من  اإنتاج كميات  ولزيادة  الكلي.  النفط  اإنتاج 

الاولي. واأف�سل طريقة لقيا�ض �سغط المكمن هو با�ستخدام عينات من قاع المكمن اأو اإعادة مزج عينات النفط والغاز بال�سطح. 

وفي بع�ض الاأحيان، لا يمكن الح�سول على هذه العينات وتكون تقديرات ال�سغط بطرق ح�سابية.

231 تركيب نفط خام وقيا�ض �سغط الت�سبع من خلال  في هذه الدرا�سة تم ا�ستخدام عدد كبير من العينات و�سل الى 

ا�ستخدام البيانات المن�سورة في المجلات العلمية وكذلك بيانات غير من�سورة بال�سابق بالاإ�سافة الى البيانات المقا�سة خ�سي�سا 

لعمل هذا البحث ومن ثم تم ا�ستخدامها بنموذجين تم اعدادهما للتنبوؤ ب�سغط الت�سبع من مجموعة متنوعة من الزيوت الخام. 

وتم ا�ستخدام جميع المركبات الهيدروكربونية من الميثان الى الهيبتان+ بالاإ�سافة الى ال�سوائب الغير هيدروكربونية بالنموذج 

الاول.  وتم ا�ستحداث النموذج الثاني عن طريق جمع التراكيب الخفيفة مع بع�سها وكذلك المتو�سطة والثقيلة بالاإ�سافة اإلى 

العنا�صر الغير هيدروكربونية. وتم بعد ذلك مقارنة اأداء النماذج اإلى كل من »بنغ روبن�سون« و »�سوافى-ريد�ض-وانغ« بالاإ�سافة 

اإلى جميع الطرق المن�سورة في هذا المجال الى تاريخ ن�صر هذا البحث من خلال مقارنة هذه النماذج مع ما هو من�سور ومعروف 

بال�سابق. تم التو�سل والاثبات بان النموذجين المقترحين هما اأب�سط واأكثر دقة من الطرق الح�سابية المن�سورة �سابقا.
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Abstract
Saturation-pressure measurements are essential for all hydrocarbon reservoir fluids.  Gas reaches 

a critical saturation, below the crude oil saturation pressure; then, a two-phase flow takes place and 
this action results in decreasing oil production and recovery. One of the reservoir engineers goals 
is to optimize the production of oil and to maximize oil recovery; to reach this goal, the reservoir 
pressure must be retained very close to the initial reservoir saturation pressure.  Saturation pressure 
is normally measured by using a bottom-hole samples or samples that are recombination of gas 
and oil at surface. In most cases, real samples are unavailable at elevated pressures; therefore, 
saturation pressure needs to be estimated either by simulation or computation methods.

A set of crude oil saturation pressure and composition measurements including data from 
the literature and newly measured data were used to develop two practical models to predict the 
saturation pressure of a 214 crude oils. The first developed model uses the extended compositions 
of hydrocarbons up to the heptane plus fraction in addition to non-hydrocarbons. The second model 
utilizes the lumping criteria for compositions of light components, intermediate components, and 
heavy components in addition to non-hydrocarbon components as an input. The models’ performance 
is also compared to the Soave-Redlich-Kwong and Peng-Robinson equation-of-states in addition to 
published methods that use compositions as an input.  The comparison indicates that the proposed 
models are easier to implement and more accurate than the other computational methods. 

Keywords: Saturation pressure (Ps); bubble-point pressure (BPP); equation of state (EOS); 
correlations; PVT data.

Introduction
Reservoir fluid properties are an essential source of information for all calculations 

on hydrocarbon reserves. Accurate estimation of the pressure-volume-temperature (PVT) 
measurement is crucial. Of all the PVT properties, saturation pressure (Ps) is considered the most 
important parameter. It is well known that gas starts to flow once the reservoir pressure drops 
below the bubble point pressure, and the gas saturation reaches a critical value.  To minimize the 
gas flow and maximize the oil recovery, it is very important to maintain the reservoir pressure close 
to the original bubble point pressure. Although the PVT properties are experimentally measured in 
laboratories and provide reliable results, this process is expensive, time consuming, and sometimes 
unavailable; therefore, measured field data (separator gas oil ratio, separator pressure, stock-tank 
oil specific gravity, and reservoir temperature) or reservoir fluid compositions are used to estimate 
the bubble point pressure.
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There are two methods in the petroleum industry to estimate the saturation pressure of crude oil 
when experimental data is unavailable, either using production data or compositional data.

Methods based on production data (composition is unavailable)

Numerous attempts have been made since the 1940s to develop correlations to estimate the 
saturation pressure from production data, such as producing gas oil ratio, oil gravity, gas gravity, 
reservoir pressure, and temperature. 

Methods based on compositional data
Many authors have reported that the application of any correlation in other regions results in 

serious errors.  These conclusions arise from the fact that regional crude oils represent a physical-
chemical trend; therefore, all attempts to develop a general correlation using field measured 
parameters to estimate the saturation pressure from a large data bank have failed.  For this reason, 
Elsharkawy (2003) made the first attempt to correlate the saturation pressure to the reservoir fluid 
composition instead of using the production data. In recent years, there have been several attempts 
to estimate the saturation pressure of oil reservoirs, which will be one of the tasks of this paper.

Elsharkawy presented a correlation of the bubble point pressure for the oil reservoir using the 
same input data needed for the equation-of-state (EOS) calculations, that is, the compositional 
data and the reservoir temperature.  Elsharkawy’s model is based on the saturation pressure 
measurements of 60 crude oil samples from the Middle East and 75 collected from the literature.  

AlQuraishi (2009) attempted to model the saturation pressure using Elsharkawy’s data. The 
model was developed using linear genetic programming.  He correlated the saturation pressure to the 
formation temperature, methane content, and heptanes plus molecular weight.  Thus, AlQuraishi’s 
model neglected the effect of the intermediate and heptane plus content on the saturation pressure.  
The error analysis reported by AlQuraishi indicates that his model has a 5.8% error compared to 
7.7% by Elsharkawy, 9.9% using the SRK-EOS, and10.1% using the PR-EOS.

Bandyopadhyay and Sharma (2011) presented a model to predict the bubble point pressure, 
using temperature and fluid composition.  They used 129 experimental and literature data originally 
published by Elsharkawy (2003) to develop their model.  The model introduced a temperature 
interaction parameter that depends on compositions.  The proposed model has a set of 24 coefficients 
and the estimated bubble point pressure is calculated as the sum of the series calculations.  They 
reported an average absolute error (AAR) of 7.83% using their model compared to 8.3% using 
Elsharkawy’s simple model (2003), 10.15% using SRK-EOS, and 10.58%using the PR-EOS.

Farasat et al. (2013) presented a new mathematical approach to calculate the crude oil saturation 
pressure as a function of the temperature and the reservoir fluid composition. The model developed 
by Farasat et al. used 130 experimental data, which were originally published by Elsharkawy 
(2003).  Farasat used a support vector machine (SVM) to model the saturation pressure.  They did 
not clearly demonstrate how to calculate the saturation pressure from the SVM model.  Moreover, 
they did not indicate the overall average absolute deviation (AAD) for their model compared to 
other published models and both the PR-EOS and SRK-EOS. 
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Ahmadi et al. (2014) also presented an ANN technique called gene expression programming 
(GEP) to determine the bubble point pressure of the oil samples. Similar to Farasat et al. (2013), 
Ahmadi’s model used most of the data previously published by Elsharkawy (2003) to construct 
a non-linear equation using reservoir fluid compositions and temperatures as input parameters.  
The proposed model is highly complicated and consists of 8 equations that have several constants 
compared to the one simple equation proposed by Elsharkawy (2003).  They compared the 
performance of their proposed model to the SRK-EOS and PR-EOS; however, their paper does not 
mention how the heptanes plus fraction was treated and characterized for the EOS calculations. 
They reported an AAD of 4% using the proposed model compared to 8% using Elsharkawy’s 
model (2003), 10.9% by PR-EOS, 10.5% by SRK-EOS, and 15% by Bandyopadhyay and Sharma 
(2011).  

Gholami et al. (2014) estimated the bubble point pressure using a “support vector regression 
SVR and a supervised learning algorithm SLT based on the statistical learning theory”, and then 
the ACE was used. The model used reservoir fluid compositions and temperature to estimate 
the bubble point pressure. Gholami et al. (2014) used the same data originally published by 
Elsharkawy (2003).  They presented three attempts based on genetic programming to correlate the 
bubble point pressure: SVR, ACE, and power-law committee machine (PLCM).  The ACE-based 
method resulted in a set of three equations with a matrix of [8 by14] constants. Gholami et al. 
(2014) compared the accuracy of their model to the SRK-EOS and PR-EOS predictions reported 
by Elsharkawy (2003).  Based on their AARD analysis, the PLCM model has the lowest errors 
followed by the SVR model, Elsharkawy’s model, ACE model, PR-EOS, and SRK-EOS.

Lately, Jarrahian et al. (2015) presented two empirical models to estimate the saturation pressure 
of black oils. The first model is based on production information. The second model is based 
on compositional information mostly from Elsharkawy1 (2003) and Heidaryan and Moghadasi 
(2011). They have not presented a comparison of the accuracy of their model to Farasat (2013) 
model, Ahmadi (2014) model, and Gholami (2014) model.

This paper is concerned with the estimation of saturation pressure using compositional data.  
Therefore, the objective is to develop a simple, yet robust model to estimate the saturation pressure 
for various types of reservoir oils using a larger data bank than that used by other published studies. 
The accuracy of the proposed models is compared to previously published models as well as SRK-
EOS and PR-EOS.

Data bank
This paper uses 231 data sets of crude oil saturation pressure and compositions measurements.  

The data set consists of 130 data sets originally reported by Elsharkawy (2003) in addition to 
others collected from the literature, 94 new data sets that have not been published; as well as 7 
newly measured samples at the Petroleum Fluid Research Center (PFRC) in Kuwait University. 
These data represent a wide range of compositions, such as volatile oils, black oils, and heavy oils.  
The data range of pressure is from 537 to 5065 psia and  temperatures  ranging from 58 to 319oF, 
crude oil compositions from C1 to C7+, non-hydrocarbons, such as N2, H2S, and CO2, and the 
molecular weight and the specific gravity of the heptane plus fraction.  
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Data classification and screening
The compositions and the saturation pressure measurements in the data bank are subjected to 

a meticulous screening process to check the validity of the data.  Our screening criteria uses the 
following steps: the sum of the molar compositions of all the components must add up to one; 
otherwise, the sample is eliminated.  

After filtering, data were reduced to 214 and divided into 179 measurements used to develop 
the new models, and 35 data sets are used for the blind test of the robustness of the proposed 
models.   Statistical analysis of the input variables of the data set used in training and testing the 
extended and the lumped models are illustrated in Table 1.

Table 1. Description of the data used to develop and test the extended model.

Input  179( Training model
 )Data )Data 28( Testing  new 7( Testing

       )experimental
.Min .Ave .Max .Min .Ave .Max .Min .Ave .Max

N2 0 0.35 1.67 0 0.27 1.67 0.10 0.26 0.35
CO2 0 1.27 11.37 0 1.17 11.37 0.14 0.41 0.83
H2S 0 0.15 3.68 0 0.15 3.22 0.00 0.00 0.00
C1 13.16 33.86 74.18 19.50 34.79 73.36 20.64 28.25 42.79
C2 3.36 8.07 13.71 4.64 8.26 11.63 6.69 7.88 10.82
C3 0.89 6.59 11.87 2.46 6.76 12.03 6.05 6.59 7.10
C4 0.95 4.46 8.4 1.66 4.41 6.58 4.03 5.05 5.93
C5 0.40 3.21 5.95 1.00 3.11 5.23 3.36 4.33 5.52
C6 0.00 3.14 6.37 0.99 3.15 5.46 2.88 3.74 4.33

+C7 10.72 38.89 57.73 11.18 37.88 51.22 27.61 43.49 51.31
+SG.C7 0.74 0.87 0.959 0.70 0.86 0.93 0.85 0.89 0.92
+MWC7 134 240 368.9 105 223 292 216 262 298

T, o F 58 156 319 58 165 261 121 157 230
Ps, psia 537 2198 5065 1025 2307 5000 1227 1779 3344

Several of the reported compositional data have extended analysis up to (C20+).  The following 
techniques are used for lumping or regrouping the extended analysis into single pseudo-fractions 
(C7+).  “The mole fraction (Xi) of the individual components of the extended analysis is equal to 
the plus fraction” (Ahmad, 2011).

            (1)

The molecular weight average (Mw) of the single component of model is equal to the molecular 
weight of the heptanes plus fraction.

           (2)
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The density of the total heptane plus-fraction (gC7+) can be calculated as follows:

                (3)

It is important to note the significance of the density of plus fraction because its density 
determines its paraffinic naphthenic aromatic (PNA) content.

Equation-of-state calculations

The EOS calculation of the saturation pressure is compared with the newly developed 
models as well as the other methods. The two EOS calculations considered in this paper are 
the ones most considered and widely used in the petroleum industry to evaluate the volumetric 
and phase behavior of reservoir fluid properties: the (Soave-Redlich-Kwong, 1972) EOS (SRK-
EOS) and the (Peng-Robinson, 1976) EOS (PR-EOS). It should be noted that the accuracy 
of any EOS calculation of the saturation pressure largely depends on the number of pseudo-
components and the splitting schemes used to divide the heptane plus fraction. Therefore, both 
calculations using EOS to estimate the saturation pressure will not lead to similar results, even 
though the number of pseudo-components, characterization of the pseudo-components, and 
binary interaction parameters were the same.  Appendix A is given to show details of the EOS 
calculation, splitting the hydrocarbon fraction, characterization of the sub-fractions and the 
binary interaction numbers.

Model development
As previously stated, the objective of this work is to provide the petroleum reservoir engineer 

with a simple, yet accurate tool to estimate the saturation pressure for a variety of crude oils 
using compositional data when experimental is unavailable.  Two models are presented in this 
study to calculate the saturation pressure of the crude oil samples.  The first model uses all input 
parameters, such as the molar compositions of the hydrocarbon and non-hydrocarbon components 
similar to the EOS models. This model is referred to as the extended model. The second model 
uses fewer input parameters in which some of the hydrocarbon components have been lumped 
into a single group; this is designated as the lumped model. Both models are simpler than all 
published correlations, physically correct, and have an acceptable accuracy compared with the 
well-known EOS.

Figure 1 shows a correlation matrix of all the data available under consideration.  This figure 
also indicates the relative importance of each of the input variables into the first proposed model.  
It agrees with most published correlations and the EOS that the methane content, heptane plus 
content, and temperatures have the greatest impact on the saturation pressure, followed by the 
intermediate content.  The data understudy indicates that the non-hydrocarbon has the smallest 
impact. This result is simply a reflection of the molar contribution of each component comprising 
the crude oil composition.
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Figure 1. Correlation matrix for all the variables in the oil data bank.

Model I- extended model
The extended model uses 13 variables comprising the molar compositions of the pure 

components, heptane plus properties, and reservoir temperatures, which are similar to the input 
parameters for the EOS. Figure 2 shows the correlation coefficient graph of all the input parameters 
in the extended model.  Thus, the elimination of the intermediate effect has a negative impact on 
the accuracy of the predictive model.  Our proposed extended model has the following form:

 
                                                                                                  (4) 

where T is the temperature in °F, Ps is the saturation pressure in psia, and the hydrocarbon and 
non-hydrocarbon compositions are expressed in mole percent.
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Figure 2. Correlation coefficient for all the variables in the training model (179 data).

Model II-lumped model
The second model (lumped model) is much simpler and uses only 7 variables.  Several lumping 

schemes are adapted in the petroleum industry for phase behavior modeling and reservoir simulation 
of the petroleum reservoir fluids (Ahmed, 2011).  Hydrocarbon components are grouped into a 
pseudo fraction based on their molecular weight (Whitson, 1980), the similarity of their physical-
chemical properties (Lee, 1979), their carbon number, their true boiling point, or their number of 
families based on the chemical structure (Becker et al., 2015). Emera and Samara (2005) proposed 
lumping the hydrocarbon components into volatile (C1+N2), intermediate (CO2, H2S, C2 to C4) and 
heavy categories (C5+) to calculate the minimum miscibility pressure. Duan et al. (2013) proposed 
lumping several components into a single carbon number (SCN) with predetermined values for 
properties, such as critical pressure, temperature, and eccentric factor.  Others have proposed 
optimal lumping schemes based on the objectives (Lin et al., 2008). In lumped model, C1+N2, C2, 
CO2, and H2S, the intermediate (C3to C6), heptanes plus (C7+) and its properties, and temperature 
are the input variables. The correlation matrixes of the lumped components are provided in Figure 
3.  Even though the non-hydrocarbon has the least effect, their contribution is important, especially 
the H2S in the case of sour crudes.

Figure 3. Correlation matrix for the lumped model (179 data). 
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Both models presented by AlQuraishi (2009) and Bandyopadhyay and Sharma (2011) have 
eliminated the effect of H2S. The proposed model has the following form:

 
                  (5)

where T is the temperature in °F, Ps is the saturation pressure in psia, and the hydrocarbon and 
non-hydrocarbon compositions are expressed in mole percent.

Result and discussion
Model accuracy

The accuracy of the two proposed models used to estimate the saturation pressures of the 
previously described crude oil samples is shown in Table 2 using new compositional and saturation 
pressure data. This table shows the average relative error, average absolute relative error, standard 
deviation, and the correlation coefficients for all the methods considered in this study. Details of 
the equations used are given in Appendix B.  Table 2 also reports the accuracy of the PR-EOS, 
SRK-EOS, Elsharkawy’s (2003) model, AlQuraishi’s (2009) model, Bandyopadhyayand Sharma’s 
(2011) model, and Jarrahian’s (2015) model. The methods proposed by Gholami et al. (2014), 
Ahmadi et al. (2014), and Jarrahian et al. (2015) are included in Table 2, even though they produce 
an unreasonable estimate of the saturation pressures, as explained in appendix C.

Table 2. Error analysis of the proposed models in comparison with all the investigated methods.

Method %ARE %AARE SEE %R2
PR-EOS 6.24 10.19 14.13 92.65
SRK-EOS 3.12- 10.36 15.91 92.80
)2003( Elsharkawy 0.85 8.57 14.10 93.58
)2009( AlQuraishi 9.36- 11.37 17.52 90.61
)2011( Bandyopadhyay 8.05 12.28 17.83 90.82
)2014( .Gholami et al ? ? ? ?
)2014( .Ahmadi et al ? ? ? ?
)2015( Jarrahian et al 35.52 35.56 38.68 27.38
New Extended Model 0.11 7.84 12.08 95.37
New Lumped Model 0.19 7.81 12.24 94.90

This table indicates that the extended and the lumped models have an AARE in the order of 
7.84% and 7.81%, respectively.  It should be noted that the complications in the Bandyopadhyay 
and Sharma (2011) model did not improve the accuracy of the saturation pressure, because it 
had a large error. It is also noted that Jarrahian et al. (2015) model produces an average error of 
36%. Compared with the EOS, the lumped model has a few constants and eliminates the splitting, 
characterizing the pseudo-components and binary interaction parameters necessary for the EOS 
calculations. The lumped model as well as the extended model is very simple and requires one-step 
calculations compared with all the other methods reported in Table 3.
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A cross-plot of the calculated saturation pressure using the extended model based on the 
training data versus the measured data is illustrated in Figure 4A.  This figure indicates that most 
of the data falls on the unit slope line, and there is no over-fit.  

Figure 4A. Cross plot of the extended model using 179 training data.

This trend is supported by the high correlation of regression of the model (95.4%) presented 
in Table 2.  Figure 4B shows a cross-plot of the testing data (28 from the literature and 7 new 
measured in PFRC at Kuwait University).  

Figure 4B. Cross-plot of the extended model using 35-testing data.
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The extended model indicates an excellent agreement with all of the 28 data sets chosen at 
random, with the exception of a few data points at higher pressures.  Additionally, the model has a 
good match for the 7 newly measured samples.

Figure 5A shows the performance of the lumped training-model for capturing the measured 
saturation pressure for most of the 179 samples. 

Figure 5A. Cross-plot of the lumped model using 179 training data.

A cross-plot of the calculated saturation pressure using the lumped model based on the training 
data versus measured data is depicted in Figure 5B.  

Figure 5B. Cross-plot of testing data for the lumped model.
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This figure indicates that most of the data scatters fall into the unit slope line.  The lumped 
model also has a high coefficient of regression of 95%, which is indicated in Table 2.

Models validity
The accuracy and validity of the two newly introduced models to estimate saturation pressures 

of various types of oil are reported in Table 3.  This table illustrates the capability of the newly 
proposed models to predict the saturation pressure for volatile oils, and black oils. Table 3 provides 
the compositions, properties of the heptane plus fraction, temperature, and measured saturation 
pressures of the samples. Additionally, the calculated saturation pressure using the PR-EOS 
(1976) model, SRK-EOS (1972) model, Elsharkawy’s (2003) model, AlQuraishi’s (2009) model, 
Bandyopadhyay and Sharmas (2011) model, and Jarrahian et al. (2009); and the extended and 
lumped models are provided in Table 3.  It is clear from this table that the proposed models have 
a wide range of applications regardless of the crude oil types.  We have also included information 
regarding the 7 newly measured data sets, at the PFRC, compositional, and saturation pressure. 
At the bottom of Table 4, we have provided the unpublished data of the compositions and the 
saturation pressures at low temperatures. It is well known that the saturation pressure of a crude 
sample is measured at low temperatures in addition to the reservoir temperature as a method to 
check the quality of the sample.
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Table 3. Comparing model accuracy for calculations of saturation pressures for various crude oils.
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Figure 6A reports the error of all the methods considered in this paper to predict the saturation 
pressure for volatile oils (heptane plus content below 30%).  

Figure 6A. Comparison of all the models’ accuracy for the volatile oil samples.

Both the extended and the lumped models have an AARE of nearly 4% followed by 
Bandyopadhyay and Sharma’s model (2011) and Elsharkawy’s (2003) model; the SRK-EOS has 
nearly twice the AARE of the newly proposed model.  AlQuraishi’s (2009) model has an AARE 
of 12% because the model is based on methane and neglects the effect of heavy and intermediate 
components, whose contribution is highly significant in the reservoir and production performance 
of volatile crudes.  Jarrahian et al. (2015) model is not suitable for volatile oils; it shows a 34% 
error in the estimated saturation pressure.

The performance of the extended and lumped models compared to the various methods for the 
black oil samples (35< C7+<55%) is provided in Figure 6B.  The newly proposed models have an 
AARE close to 10%, followed by Bandyopadhyay and Sharma’s (2011) model 14%, the SRK-EOS 
and PR-EOS 16%, and Elsharkawy (2003) model 17%.  AlQuraishi’s (2009) model has an AARE 
of 23%. Jarrahian et al. (2015) model shows a 33% error in estimated saturation pressure even 
though the authors claim that the model is suitable for black oils.
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Figure 6B. Comparison of all the models’ accuracy for the black oil samples.

Figure 6C shows the error level of all the methods as well as the proposed models for the newly 
measured crude oil samples at Kuwait University using the PFRC.  Again, Jarrahian et al. (2015) 
model shows a 40% error in estimated saturation pressure.

Figure 6C. Comparison of all the models’ accuracy for the newly measured samples at KU.

The performance of all published models at low temperature (59oF < T < 71oF) is illustrated 
in Figure 6D.  The low-temperature calculation indicates that Bandyopadhyay and Sharma’s4 
model has accuracy problems and is not valid at low temperatures because the authors proposed a 
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temperature-composition related coefficient.  Also, Jarrahain et al. (2015) model is not suitable at 
low temperature.  It shows a 32% error in the estimated saturation pressure.

Figure 6D. Comparison of all the models’ accuracy for low-temperature oil samples.

The ability of the proposed models to capture the thermodynamic is thoroughly checked against 
its independent variables.  In order to check the validity of the model, the predicted values are 
compared to the experimental data as well as the predictions by other methods.  The model is able 
to capture the change of the saturation pressure as a function of temperature as illustrated in Figure 
7.  Two main points are observed; first, the model follows the physical trend predicted by the 
EOS’s.  Second, it matches the measured saturation pressures much better than the other methods.

Figure 7. Changes in saturation pressure as a function of temperature for the different models (Sample #70).
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Conclusion
In this paper, two models are offered to estimate the saturation pressure of a variety of 

crude oils when measurements are unreliable or samples are unavailable.  The two models are 
developed using compositional data and saturation pressure measurements from a large data 
bank of a 231 crude oil samples comprising literature data, and newly measured and reported 
data. The input parameters in the first model are the extended hydrocarbon and non-hydrocarbon 
molar percentages and reservoir temperatures. The lumped model uses hydrocarbon fractions of 
intermediate, and heptane plus fractions in addition to its properties, and the reservoir temperature 
as input parameters. The accuracy of the two models has been tested and compared to published 
correlations as well as the SRK-EOS and the PR-EOS, in which all models use compositional data 
as the input parameters. The comparison indicates that the two models are much more accurate than 
all the published methods. The validity of both models has also been tested using various types of 
crude oils samples and compared to experimentally measured saturation pressures and estimates 
using the EOS as well as the published correlations.  The proposed models are physically correct 
and much simpler than all the published methods.  The models do not require tedious computations 
and eliminate splitting of the plus fraction, characterization of the pseudo-components that are 
required for the EOS calculations.
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Appendix A

Equation of State Calculation
Many cubic equation of state are widely used for saturation pressure calculations.  None of the 

available EOSs can be singled out as the most superior to predict the saturation pressure61. The 
accuracy of the EOS’s calculations depends on the following:

1. The type of EOS used, PR, SRK, etc.

2. The splitting scheme used to divide the heavy hydrocarbon fraction into sub-fractions.

3. The correlation used to estimate the critical properties of the sub-fraction.

4. The inclusion of the binary interaction number (Ki,j).

In this study, two equations of state calculation of saturation pressure are considered, Soave- 
Redlich-Kwong (SRK-EOS) and Peng-Robinson (PR-EOS).

SRK-EOS has the following from:

where P is the pressure, V the molar volume, T the absolute temperature, and R the universal gas 
constant.  The parameter a is a dimensionless factor, which becomes unity at critical pressure. At 
the bubble point pressure, the composition of the liquid phase (Xi) equals the overall composition 
(Zi) of the reservoir fluids.  This leads to the following expression:

where ki is the equilibrium ratio for the component calculated from the equation of state.  Thus, 
the saturation pressure (Pb) is calculated from the above equations using the following expression:

where  is the vapor fugacity coefficient and is the liquid fugacity of the ith component, which 
is calculated from the equation of state.

 PR-EOS has the following form:

 The difference between SRK-EOS and PR-EOS lies in calculation of the parameters, a, b, 
and a. This difference results in that the fugacity, fugacity coefficient, and compressibility factor 
calculated from each of the equations of state are quite different.  Therefore, the results from 
calculating DPP using SRK-EOS and PR-EOS are not the same.
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Splitting the plus fraction
Hydrocarbon plus fraction that comprises a significant portion of the reservoir fluids creates 

problems when predicting thermodynamic and phase behavior of these fluids using equation 
of states.  These problems arise from the difficulty of properly characterizing the plus fraction.    
Several splitting schemes are proposed to divide the hydrocarbon plus fraction into sub-fraction, 
(Pedersen et al., 1989), (Katz, Firoozabadi, 1978), and (Yarborough, 1978).  The logarithmic 
distribution proposed by Pedersen et al. (1989) is considered in this study.  

Characterizing the sub-fraction
Equations of state calculations require critical pressure (Pc), critical temperature (Tc), and 

eccentric factor (w) for every component forming the hydrocarbon fluid.  Critical properties and 
eccentric factor are well-documented for pure components.  However, critical properties for the 
sub-fraction are estimated from correlations.  In this study (Pedersen et al., 1989), correlation is 
used to calculate the critical properties of the sub-fraction.  

 Binary interaction  

To use the SRK or PR equations of state to predict saturation pressure of complex hydrocarbon 
mixture, it is necessary to correct for the binary interaction (Ki,j) between different components 
by means of empirically derived interaction numbers. The use of binary interaction in equations 
of state calculations is controversial. Some researchers neglected it for hydrocarbon components, 
used standard values for EOS (Whitson and Brule, 2000), and others used binary interaction, 
which are function of temperature (Varotsis et. al., 1986), pressure (Voros and Tassios, 1985), 
or compositions (Bjorlykke and Firoozabadi, 1992). In this study, the objective is not to find the 
optimum binary interaction that leads to accurate prediction of the saturation pressure. Therefore, 
the interaction number is set to zero.

Appendix B

Statistical Analysis
To study of the proposed models against the other methods, the following statistical parameters 

have been calculated.   The average percent relative error (ARE): 

ARE% is a measure of bias; a value of zero indicates an unbiased distribution of the error.

The arithmetic average of the absolute values of the relative errors (AARE):

The correlation determination R2 a measure of the precision of the fit of the data:
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The standard error of estimates (SEE) is the square root of the mean square error, which is the 
variance of the true residuals. It is expressed as

where v is the number of variables.

Appendix C
In this appendix, sample calculations are presented to show the deficiency of some of the 

published methods.

Input parameters:

(Ahmadi et al., 2014)

Ahmadi et al. proposed an 8-step calculation (copied from their paper) to estimate the BPP as 
follows:

Ahmadi et al. define the Vol. /Inter. as the mole percentage ratio of the volatile (C1& N2) to the 
intermediate components (C2 to C6, CO2 and H2S).  Application of the above equations (6 through 
12 and 5, respectively) uses the input parameters results in the following.
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The calculated saturation pressure (BBP) from Eq.5 is 1,794,123 psia, which is unreasonable. 
This indicates a deficiency in the model.

(Gholami et al., 2014)

Gholami et al. presented a three-step calculation to estimate the BPP.  They proposed an 
alternating conditional expectation (ACE) to correlate the bubble pint pressure to input variables 
through approximating the optimal transformation of the input variables using their equation 15.

                                           (15)

where M is non-transformed input of model coefficients of Bo through B5 for each input given 
in Table 1 in their paper.

Table 1: Polynomial coefficients for determining optimal transformation of each input variables

Application of Equation 15 and the compositional data of the previous example resulted in the 
following coefficients for the input values.
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The sum of optimal transformations of input parameters is achieved from equation (16).  

  

(16)

Application of Equation (16) using the coefficient in the above table resulted in Tr(Pb) = 
37.8159.

The bubble pint pressure is calculated from curve fitting, optimal formulation between sum of 
transformations, and Pb, using equation (17).

 
                 (17)

Application of Equation (17) resulted in saturation pressure (Pb) = 127,967 psia, which is 
unreasonable, compared to the measured one is 3002 psia.  This indicates that there is a deficiency 
in the model.

(Jarrahian et al., 2015)

Jarrahian et al. proposed the Equation (18) to estimate the saturation pressure:

                                                                                                                                                 (18)

where the coefficients A0 through A11 are given in Table 2 in their paper.
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Table 2. coefficient of Eq. (18).

Application of Equation (18) resulted in saturation pressure (Ps) = 1812 psia, compared to the 
measured one of 3002 psia. This indicates that model has inaccuracy problem. This inaccuracy has 
been the pattern in all the crude oil samples shown in Table 2 and figures 6A through 6D.
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