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Abstract 

PVT properties of reservoir fluid are very important in petroleum engineering calculations, 

therefore the accuracy of the calculations depends on the exactness of PVT properties. Ideally 

these properties are determined from laboratory analysis of the samples.  

In some cases PVT data are not available or reliable. At these occasions, empirical 

correlations are used which are developed for PVT properties estimation. Accuracy of the 

correlations depends on similarity of fluid properties and fluid that used for developing 

correlations, thus results of the predictions may not be accurate for new samples. Hence 

Artificial Neural Network (ANN) has been applied as new technique for PVT properties 

estimation of Iranian crude oils. 

Feed-forward back-propagation networks with Levenberg-Marquardt training algorithm have 

been used to predict bubble point pressure, solution gas oil ratio at bubble point pressure, oil 

formation volume factor at bubble point pressure, and saturated and undersaturated oil 

viscosity. The black oil, correlations and compositional based models have been presented for 

each property based on PVT data which are collected from oil reservoirs in south west of 

Iran.  

The presented models have been evaluated and all of them obtained acceptable performances. 

The black oil and correlations based models have been compared to empirical correlations. 

These developed models outperformed correlations with highest correlation coefficients and 

lowest average absolute relative errors. Iranian correlations were more appropriate than other 

correlations and gave most accurate results after ANN models.  
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Chapter 1 

Introduction 

1.1 Problem Statement and Study Objectives  

PVT properties are very important in computations of reservoir and production engineering 

computations such as material balance calculations, well testing, reserve estimates, inflow 

performance, reservoir simulation, production operations and design of surface facilities
 [1]

. 

Most of these properties are determined by laboratory PVT analysis of bottom-hole or 

recombined surface samples.  

Sampling and determination of such properties are expensive and time consuming. Moreover, 

sampling should be done at an early stage of reservoir’s producing life 
[2]

. In some cases, 

reliable sampling is not possible due to production problems or because producing life is too 

long.  

In the absence of the experimentally measured PVT properties, it is necessary to make an 

estimate of crude oil properties from the available measured parameters. Therefore, 

researchers presented and published several PVT correlations for various oil samples and 

geographical regions.   

Further of these empirical correlations are not reliable for the estimation of Iranian crude oils 

PVT properties so that these correlations estimate PVT properties of crude oils with 

remarkable errors. The rationale behind creation of errors is the fact that mentioned 

correlations have been derived from oil and gas samples having different physical and 

chemical properties. Therefore, it is difficult to obtain the accurate results by empirical 

correlations. Hence, more suitable method than correlations should be found. 

In the recent years, ANN models have found popularity in oil industry so that these models 

are also used in PVT properties prediction. Several researchers presented neural network 

models for PVT properties prediction and found them more accurate than conventional 

correlations. Therefore, they can be useful to predict PVT properties of Iranian crude oils.   
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The first objective of this study is presenting of PVT properties neural network models with 

acceptable performances for Iranian crude oils as new techniques. The second objective is 

finding of most appropriate correlations for Iranian crudes among the published correlations. 

The last objective is improvements of most appropriate correlations by neural network 

models for Iranian crude oils.  

1.2 Chapters Review 

Chapter 1 is an introduction to the problem and objectives of study. PVT properties and their 

applications are concisely illustrated in Chapter 2. Also, existent PVT empirical correlations 

for bubble point pressure, solution gas oil ratio, oil formation volume factor and oil viscosity 

are comprehensively presented in Chapter2. Artificial neural network and its components, 

and history of PVT modeling by neural networks are discussed in the rest of Chapter 2. 

Chapter 3 gives the procedures of neural network model development and different types of 

models. Furthermore, process of data gathering and number of extracted data sets for each 

model are given in Chapter3. 

Chapter 4 is entitled with results and discussions. This Chapter contains the presented models 

and their features, and the results of performances evaluations of developed models and 

empirical correlations. Conclusions of this study are given in Chapter 5 and some advices are 

suggested in this chapter as recommendations.       
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Chapter 2 

Literature Review 

2.1 PVT Properties and Applications  

Pressure Volume Temperature (PVT) analysis is the study of the changes in volume of a fluid 

as function of pressure and temperature. The basis of PVT analysis is to simulate what takes 

place in the reservoir and at the surface during production and provide essential information 

about physical and phase behavior of the reservoir fluids 
[3]

. 

PVT properties of crude oil are very important in computations of reservoir and production 

engineering such as reserve estimation, inflow performance, well test analysis, reservoir 

simulation, the efficiency of enhanced oil recovery methods, production operations and 

design of surface facilities. Therefore, an accurate description of PVT properties of crude oils 

is necessary to minimize errors of computations.  

The main physical properties of reservoir fluid are specific gravity of oil (o), specific gravity 

of the solution gas (g), bubble point pressure (Pb), solution gas oil ratio (Rs), oil formation 

volume factor (Bo), and crude oil viscosity (µ) 
[4]

. These properties of reservoir fluid are 

determined by laboratory PVT analysis of bottom-hole or recombined surface samples 
[2]

.  

The specific gravity of a crude oil is defined as the ratio of the oil density to water density at 

60°F and atmospheric pressure:  

o
o

w





                                                                                                                                   2-1   

Where ρo is oil density and ρw is water density in lb/ft
3
. Also, the API gravity is a further 

gravity scale. This gravity scale is related to the oil specific gravity by the following 

expression: 

141.5
131.5

o

API


                                                                                                          2-2 

Oil density (ρoil) is experimentally measured by Density Meter and then o can be computed 

by equation 2-1. 
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Specific gravity of the solution gas is the gas gravity relative to air at standard conditions 

which is defined by following relation: 

gas

g

air





                                                                                                                                        2-3 

Where ρgas is density of gas and ρair is density of air. This property can be obtained by flash 

expansion or differential vaporization tests.  

The bubble point pressure (Pb) is defined as the highest pressure at which a bubble of gas is 

first liberated from the oil. This important property can be measured experimentally for a 

crude oil system by conducting a constant mass expansion test 
[4]

. 

The solution gas oil ratio (Rs) is defined as the number of standard cubic feet of gas which 

will dissolve in one stock tank barrel of crude oil at certain pressure and temperature 
[2]

. As 

can be understood from definition Rs is reported in unit of scf/STB. This property can be 

measured experimentally by constant mass expansion test.  

Oil formation volume factor (Bo) is defined as the ratio of the volume of oil and its dissolved 

gas at the current reservoir temperature and pressure to the volume of oil at standard 

conditions 
[4]

. Bo is always greater than or equal to unity. Bo is expressed in bbl/STB unit. 

This property is measured experimentally by differential vaporization test. 

Viscosity is the internal friction of a fluid which makes it resist flowing past a solid surface or 

other layers of the fluid. In the other word, viscosity can be considered as a measure of the 

resistance of a fluid to flowing. The viscosity of crude oil (µ) is measured in laboratory over 

the entire range of pressure (from above bubble point to atmospheric pressure) at reservoir 

temperature using the rolling ball viscometer in unit of centipoise (cp)
 [5]

.  

According to the pressure, the viscosity of crude oils can be classified into three categories 

including of dead oil viscosity (µod) which is defined as the viscosity of crude oil at 

atmospheric pressure and reservoir temperature, saturated oil viscosity (µob) which is defined 

as the viscosity of the crude oil at the bubble point pressure and reservoir temperature, and 

undersaturated oil viscosity (µo) which is defined as the viscosity of the crude oil at a 

pressure above the bubble point and reservoir temperature 
[4]

.  

Rs, Bo and µ are dependent on pressure. Figure 2.1 shows typical variations of these 

parameters versus pressure. 
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In addition to aforementioned properties, molecular components of fluid, gas formation 

volume factor (Bg), gas compressibility factor (Z), total formation volume factor (Bt), average 

thermal expansion factor and compressibility of the undersaturated oil are obtained in the 

complete PVT analysis for oil samples 
[2]

. 

 

Figure 2.1. Variations of PVT parameters versus pressure a) Solution gas oil ratio; b) Formation 

volume factor; c) Viscosity 

Compositional analysis is done by Gas Chromatography (GC) and gives the mole fractions of 

hydrocarbon and non-hydrocarbon components. In compositional analysis, mole fractions of 

hydrocarbon components are obtained from C1 to a heavier specific component. This specific 

component and heavier components are grouped together, and the average molecular weight 

(MW) and density of them are determined 
[6]

. 
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2.2 PVT Empirical Correlations 

Ideally, PVT properties are experimentally measured in laboratory. When such direct 

measurements are not available, PVT correlations from the literature are often used. Several 

graphical and mathematical correlations for determining of PVT properties have been 

proposed for various geographical areas during the last seven decades. These empirical 

correlations are developed based on different data banks using regression techniques. In 

1990's, number of PVT correlations is significantly increased due to progress in computing 

theories and software.  

2.2.1 Bubble Point Pressure Correlations 

Bubble point pressure correlations are essentially based on the assumption that it is a function 

of solution gas oil ratio at bubble point pressure (Rsb), specific gas gravity (g), oil API 

gravity (API) and temperature (T) 
[4]

. It can be shown by following expression:  

Pb = f (Rsb, API, g, T)                                                                                                             2-4 

It should be noted that there are some of correlations which estimate Pb by getting of Rsb, 

API, g, T and Bob. 

In 1947, Standing proposed a graphical correlation for bubble point pressure estimation based 

on 105 experimentally measured data points which were collected from 22 hydrocarbon 

systems of California oil fields. He reported an average relative error of 4.8% for his 

correlation, and later expressed it by a mathematical equation. Lasater (1958) used 158 PVT 

data sets from oil fields of Canada, United States and South America and developed a bubble 

point correlation. The reported average relative error and maximum error by Lasater were 

3.8% and 17.4% respectively. Lasater correlation is more accurate than Standing correlation 

for heavy crude oils
 [4]

.  

Vazquez and Beggs (1980) presented a worldwide empirical correlation based on 5008 PVT 

measurements of 600 samples from all over the world using regression methods. They 

divided collected data into two groups based on API gravity (i.e. API≤30 and API>30) so that 

coefficients of developed correlation are different for these two groups. Also they introduced 

gas gravity at the reference separator pressure (gs) and used this adjustment factor instead of 

gas gravity to improve performance of their correlation, how it predicted bubble point 

pressure with average relative error of 0.7%. Pressure and temperature of separator should be 
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available for determination of gs when these parameters are unknown, the unadjusted gas 

gravity may be used in Vazquez and Beggs correlation 
[7]

. 

In 1980, Glaso used 45 oil samples from North Sea hydrocarbons and proposed a correlation 

for bubble point pressure prediction using regression analysis. His correlation predicted 

bubble point pressure with average relative error of 1.28% 
[8]

.  

Al-Marhoun (1988) developed a bubble point pressure correlation based on 160 data sets 

from 69 Middle East reservoirs. He used linear and non-linear multiple regression analysis to 

develop his correlation. Al-Marhoun reported average absolute relative error 3.66%, and 

correlation coefficient 0.997 
[9]

. Kartoatmodjo and Schmidt (1991) collected 5392 PVT data 

sets from PVT reports and literature so that this data bank contained PVT data from all over 

the world including South East Asia (mainly Indonesia), North America (offshore area), 

South America and Middle East. Kartoatmodjo and Schmidt developed a worldwide 

correlation for bubble point pressure based on Vazquez and Beggs work how they also 

divided PVT data sets into two subsets of API≤30 and API>30. Their correlation predicted 

bubble point pressure with average relative error of 3.34% and average absolute relative error 

of 20.17% 
[10]

.  

Dokla and Osman (1992) developed a correlation by used 51 PVT data sets from U.A.E 

crudes. They recalculated coefficients of Al-Marhoun correlation and proposed a correlation 

with new constants. The reported average relative error and average absolute relative error for 

this new correlation were 0.45% and 7.61% respectively 
[11]

. Macary and El-Batanoney 

(1992) used 90 data sets from 30 reservoirs of Gulf of Suez and developed bubble point 

correlation. They reported average relative error of 0.52% and average absolute relative error 

of 7.04% 
[12]

. 

Petrosky and Farshad (1993) used a nonlinear multiple regression to develop a bubble point 

pressure correlation based on 81 PVT sets from Gulf of Mexico, Texas and Louisiana crude 

oil reservoir. The reported average relative error and average absolute relative error of 

correlation were -0.17% and 3.28% respectively
 [13]

. Omar and Todd (1993) proposed a new 

correlation for Pb based on 93 data sets of Malaysian crudes. Their correlation is similar to 

Standing correlation form with one change so that they used formation volume factor in 

addition to solution gas oil ratio, API gravity, gas gravity and reservoir temperature. The 

authors reported average absolute relative error 7.17% for this correlation 
[14]

.  
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De Ghetto et al (1994) extracted 3700 data sets from 195 crude oils samples which were 

collected from the Mediterranean Basin, Africa, the Persian Gulf and the North Sea. They 

divided oil samples into four different API gravity groups: extra-heavy oils for API ≤10, 

heavy oils for l0< API≤ 22.3, medium oils for 22.3 < API≤ 31.1, light oils for API>31.1, and 

then selected Standing and Kartoatmodjo and Schmidt as the best performance correlation in 

bubble point pressure estimation. They recalculated coefficients of these correlations and 

developed new correlations for each API gravity group and improved accuracy of 

correlations so that average relative errors were reduced from 5 to 10% 
[15]

. 

Farshad et al (1996) proposed a new correlation for bubble point pressure according to the 

separator conditions. They used separator gas gravity and solution gas oil ratio and corrected 

them for separation temperature and pressure. Reservoir samples from 98 Colombian 

reservoirs were used to develop correlation. They applied Glaso correlation form and 

obtained new constants for it. Their correlation predicted bubble point pressure with average 

error of 13.32% 
[16]

. Almehaideb (1997) used 62 PVT data sets of crude oils of U.A.E for 

developing a new bubble point correlation. His correlation like Omar and Todd uses the oil 

formation volume factor in addition to oil gravity, solution gas oil ratio, gas gravity and 

reservoir temperature. This correlation predicted bubble point pressure with average absolute 

relative error of 4.997% 
[17]

. Hanafy et al (1997) developed a correlation for Egyptian crude 

oils based on 324 PVT data sets taken from 123 reservoirs in 75 fields. The average relative 

error and average absolute relative error reported in the Hanafy et al work were about 0.52% 

and 7.4% 
[18]

.  

In 1999, Velarde et al proposed a worldwide bubble point pressure correlation using 2828 

PVT data sets. They utilized non linear regression methods to adjust the all of published 

correlations to find the most appropriate correlation. They found Petrosky and Farshad 

correlation as the best model. They introduced a correlation with new constants and one 

additional coefficient to increase the accuracy of the correlation. Reported average relative 

error and average absolute relative error of this correlation were 1.5% and 13.1% respectively 

[19]
. Al-Shammasi (1999) presented another worldwide correlation based on 1661 Data sets. 

His correlation outperformed all other correlations with original coefficients and new 

calculated coefficients. This correlation gave 17.85% average absolute relative error 
[20]

. 

Dindoruk and Christman (2001) developed a bubble point correlation for Gulf o Mexico 

crude oil systems using 104 PVT data sets. Their correlation was compared to Standing, and 
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Petrosky and Farshad correlations for both original and modified coefficients and 

outperformed two later correlations with average absolute relative error of 5.7% 
[21]

.   

In 2006, Mehran et al proposed a new correlation based on 387 data sets of Iranian crude oils 

from different oil fields. Proposed correlation was compared to several correlations and 

attained the best performance, with an average relative error of 5.668% 
[22]

. Hemmati and 

Kharrat (2007) presented another bubble point pressure correlation for Iranian crudes based 

on 287 data sets from more than 30 Iranian oil fields. They recalculated Standing correlation 

coefficients and using formation volume factor as additional parameter to develop 

correlation. It gave average absolute relative error 3.67% and outperformed other correlations 

[23]
.  

Ikiensikimama and Ogboja (2009) used 250 PVT data sets to develop a bubble point pressure 

correlation for Niger Delta by investigation of several models. New correlation was more 

accurate than17 published correlations with average absolute relative error of 8.18% 
[24]

. 

Moradi et al (2010) used 1811 PVT data sets to develop a worldwide correlation. This data 

bank contains 1177 data sets which are collected from literature and 634 data sets of Iranian 

crudes. The developed correlation was compared to several published correlations and 

outperformed all of them with average absolute relative error of 16.96% 
[25]

.  

Origin, number and ranges of used data in developing of aforementioned correlations are 

summarized in Table 2.1. 

2.2.2 Solution Gas Oil Ratio Correlations 

Solution gas oil ratio depends on Pb, API, g and T. It can be expressed as following function: 

Rsb = f (Pb, API, g, T)                                                                                                             2-5 

Usually, there is no need to develop a new correlation for solution gas oil ratio because it can 

be obtained by solving the bubble point pressure correlation for solution gas oil ratio. Some 

solution gas oil ratio correlations are obtained by this method such as Standing 
[4]

, Lasater 
[4]

, 

Vazquez and Beggs 
[7]

, Glaso 
[8]

, Al-Marhoun 
[9]

, Dokla and Osman 
[11]

, Macary and El 

Batanoney 
[12]

, Petrosky and Farshad 
[13]

, Omar and Todd 
[14]

, Farshad et al 
[16]

, Almehaideb 

[17]
, Hanafy et al 

[18]
, Al-Shammasi 

[20]
, Mehran et al 

[22]
, and Hemmati and Kharrat 

[23]
. 

However several distinct solution gas oil ratio correlations are proposed by researchers. 

Asgarpour et al (1989) developed a solution gas oil ratio based on 310 PVT data sets which 
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are gathered from flash and differential liberation oil tests were obtained for reservoirs of the 

western Canadian basin. 

Table 2.1. The origin, number and ranges of used data in bubble point pressure correlations 

 

Author(s) 

No. of 

used 

Data  

Samples 

Origin 

Ranges of used data 

Rsb 

(scf/STB) 

API 

(API) 

g 
(air=1) 

T  

(F) 

Pb 

(psia) 

Standing (1947) 105 California 
20-1425 

16.5-

63.8 

0.59-

0.95 

100-

258 

130-

7000 

 

Lasater (1958) 

 

158 

Canada, United 

States and South 

America 

3-2905 
17.9-

51.1 

0.574-

1.223 

82-

272 

48-

5780 

Vazquez and Beggs 

(1980) 

5008 Worldwide 
0-2199 

15.3-

59.3 

0.65-

1.28 

75-

294 

15-

6055 

Glaso (1980) 45 North Sea 
90-2637 

22.3-

48.1 

0.65-

1.276 

80-

280 

165-

7142 

Al-Marhoun (1988) 160 Middle East 
26-1602 

19.4-
44.6 

0.75-
1.367 

74-
240 

130-
3573 

Kartoatmodjo and 

Schmidt (1991) 

5393 Worldwide 
0-2897 14.4-59 

0.482-

1.166 

75-

320 

24.7-

4746 

Dokla and Osman 

(1992) 

51 U.A.E 
181-2266 

28.2-

40.3 

0.798-

1.29 

190-

275 

590-

4640 

Macary and El 

Batanoney (1992) 

90 Gulf of Suez 
200-1200 25-40 0.7-1 

130-

290 

1200-

4600 

Petrosky and Farshad 

(1993) 

81 Gulf of Mexico, 

Texas and Louisiana 
217-1406 16.3-45 

0.58-

0.85 

114-

288 

1574-

6528 

Omar and Todd (1993) 93 Malaysia 
142-1440 

26.6-

53.2 

0.612-

1.32 

125-

280 

790-

3851 

 

De Ghetto, Paone and 

Villa (1994) 

 

3700 

Mediterranean 

Basin, Africa, 

Persian Gulf and 

North Sea 

8.61-3298 6-56.8 
0.624-

1.798 

59-

194 

107-

6613 

Farshad, LeBlanc, 

Garber and Osorio 

(1996) 

 

98 

 

Colombia 6-1645 18-44.9 
0.66-

1.73 

95-

260 

32-

4138 

Almehaideb (1997) 62 U.A.E 
128-3871 

30.9-
48.6 

0.75-
1.12 

190-
306 

501-
4822 

Hanafy, Macary, El 

Nadi, Baiomi and El 

Batanony (1997) 

 

324 

 

Egypt 7-4272 
17.8-

48.8 

0.623-

1.627 

107-

327 

36-

5003 

Velarde, Blasingame 

and McCain (1999) 

728 Worldwide 
10-1870 12-55 

0.556-

1.367 

74-

327 

70-

6700 

Al-Shammasi (1999) 1661 Worldwide 
6-3298 6-63.7 

0.51-

1.44 

74-

341 

31.7-

7127 

Dindoruk and 

Christman (2001) 

104 Gulf of Mexico 
133-3050 14.7-40 

0.601-

1.027 

117-

276 

926-

6204 

Mehran, 

Movagharnezhad and 

Didanloo (2006) 

 

387 

 

Iran 83-3539 
18.8-

48.92 

0.532-

1.672 

77.5-

306 

348-

5355 

Hemmati and Kharrat 

(2007) 

287 Iran 
125-2189 

18.8-

48.34 

0.523-

1.415 

77.5-

290 

348-

5156 

Ikiensikimama and 

Ogboja (2009) 

250 Niger Delta 
19-2948 

14.78-

53.23 

0.564-

1.294 

122-

264 

67-

6560 

Moradi, Malekzadeh, 

Amani, Boukadi and 
Kharrat (2010) 

 

1811 

 

Worldwide 
8.861-

3267 
6-56.8 0.52- 

67-

342 

36-

7127 
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They reported average relative error of 6.12% for developed correlation 
[26]

. Rollins et al 

(1990) proposed a correlation to estimate solution gas oil ratio as function of stock tank oil 

specific gravity, separator gas specific gravity, separator pressure and temperature. They used 

301 data sets for developing correlation and 240 data sets for testing accuracy of correlation. 

Logarithmic correlation was determined as the best model to predict solution gas oil ratio so 

that it gave a confidence interval of 12% and correlation coefficients of 95% 
[27]

. 

In 1991, Kartoatmodjo and Schmidt used a set of 5392 data points which were collected 

from740 different crude oil samples to develop the universal correlation for solution gas oil 

ratio. Since they found Vasquez and Beggs correlation as best of correlations, they decided to 

apply Vasquez and Beggs approach hence divided the data into two groups based on API 

gravity of samples (i.e. API≤30 and API>30) and calculated new coefficients. Their 

correlation predicted solution gas oil ratio with average absolute relative error of 5.32% 
[10]

. 

Velarde et al (1999) used 2097 data sets which were collected from 195 PVT reports for 

developing solution gas oil ratio correlation by testing of several non linear regression 

models. The reported average absolute relative error was 4.73% 
[19]

.  

Dindoruk and Christman (2004) developed a bubble point solution gas oil ratio with 11 

coefficients based on 104 data sets collected from Gulf of Mexico.  They reported average 

absolute relative error of 7.66% so that their correlation outperformed Standing, and Petrosky 

and Farshad correlations with original and tuned coefficients 
[28]

.  El-Banbi et al (2006) 

introduced a solution gas oil ratio for gas condensate and volatile oils. They found Standing, 

and Vazquez and Beggs as best predictor models therefore developed two new correlations 

by modifying of these correlations. Modified standing correlation was more accurate than 

another correlation so that got average relative error of 20.5% for gas condensates and 23.2% 

for volatile oils 
[29]

. Origin, number and ranges of used data in developing of aforementioned 

correlations are summarized in Table 2.2. 

2.2.3 Oil Formation Volume Factor Correlations 

Formation volume factor correlations are developed based on the assumption that Bo is a 

function of Rs, g, API and T: 

Bo = f (Rs, API, g, T)                                                                                                              2-6 
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In 1942, Katz published a set of graphical correlations for predicting oil formation volume 

factor based on 117 data sets from U.S. mid-continent crudes to develop his correlation. They 

used reservoir temperature, reservoir pressure, solution gas oil ratio, oil gravity and gas 

gravity as inputs of correlations so that each of them use some of mentioned parameter 
[30]

. 

Standing (1947) presented graphical correlations for oil formation volume factor based on 

105 laboratory flash vaporization observations of California crudes. He reported an average 

relative error of 1.17% for his correlation, and later set it in the form of algebraic equation 
[4]

 

 Table 2.2. The origin, number and ranges of used data in solution gas oil ratio correlations 

 

Author(s) 

No. of 

used 

Data  

Samples 

Origin 

Ranges of used data 

Pb 

(psia) 

API 

(API) 

g 
(air=1) 

T 

(F) 

Rs 

(scf/STB) 

Asgarpour, McLauchlin 

& Wong (1989) 

310 ▬ 435-

4060 
▬ ▬ ▬ 84-1680 

Rollins, McCain & 

Creeger (1990) 

541 ▬ 890-

4540 
14-53 

0.579-

1.124 

60-

150 
4-220 

Kartoatmodjo & 

Schmidt (1991) 

5393 Worldwide 24.7-

4746 
14.4-59 

0.482-

1.166 

75-

320 
0-2897 

Velarde, Blasingame & 

McCain (1999) 

728 Worldwide 
70-6700 12-55 

0.556-

1.367 

74-

327 
10-1870 

Dindoruk and 
Christman (2001) 

104 Gulf of 
Mexico 

926-
6204 

14.7-40 
0.601-
1.027 

117-
276 

133-3050 

El-Banbi, Fattah and 

Sayyouh (2006) 

13 ▬ 4527-

11475 

34.1-

58.5 

0.642-

1.332 

186-

312 

1991-

8280 

The marked sections with (▬) have not been reported. 

Knopp and Ramsey (1959) correlated oil formation volume factor with solution gas oil ratio 

based on the original method of Katz. This correlation was made from the PVT data of 159 

analyses of saturated eastern Venezuelan crudes. They reported average relative error of 2% 

for reservoir differential data and the average relative error of 1.97% for flash data
 [31]

.   

Vazquez and Beggs (1980) presented correlations for saturated and undersaturated oil 

formation volume factor from a study of more than 6000 measurements from PVT analysis of 

600 samples from all over the world using regression methods. In order to better prediction 

they provided two sets of equations for each of the correlations, one for crudes above 30 API 

and another for those below 
[7]

. Glaso (1980) developed a correlation for bubble point oil 

formation volume factor by regression method based on 41 PVT data sets which were mainly 

collected from North Sea. He used Standing correlation form and calculated new coefficients 

for it. His new correlation predicted bubble point oil formation volume factor with average 

relative error of 2.05% whereas standing correlation got 3.27% 
[8]

.  
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Al-Marhoun (1988) published new correlation for estimating oil formation volume factor for 

the Middle East oils. 160 data sets from 69 Middle Eastern reservoirs were available for the 

correlation development. Al-Marhoun correlation was the first study for Middle East 

reservoirs and gave average absolute relative error of 0.88% 
[9]

. Abdul-Majeed and Salman 

(1988) published an oil formation volume factor correlation based on 420 data sets from 

unpublished sources. They applied form of Al-Marhoun correlation and obtained a 

correlation with new calculated coefficients. The average absolute relative error of 1.4% was 

reported in their study 
[32]

. 

In 1992, Dokla and Osman published a new correlation for estimating oil formation volume 

factor for UAE crudes. They used 51 data sets to calculate new coefficients for Al-Marhoun 

Middle East correlations. Their correlation outperformed Al-Marhoun, Glaso and Standing 

correlations with average relative error of 0.023 % and average absolute relative error of 

1.225% 
[11]

. Al-Marhoun (1992) published a second correlation for oil formation volume 

factor. The correlation was developed with 11728 experimentally obtained formation volume 

factors at, above and below bubble point pressure. The data set represents samples from more 

than 700 reservoirs from all over the world, mostly from Middle East and North America. His 

correlations predicted oil formation volume factor with average absolute relative error of 

0.57% 
[33]

. 

Macary and El-Batanoney (1992) presented a new correlation for oil formation volume factor 

based on 90 data sets from 30 independent reservoirs in the Gulf of Suez. The new 

correlation was tested and showed improvement over published correlations so that gave 

average absolute relative error of 7.04% 
[12]

 . Farshad et al (1992) produced a new set of 

correlations for the oil formation volume factor based on Glaso correlation using samples 

from 98 Colombian reservoirs. The main feature of the new correlation is that it uses 

separator gas gravity and solution gas oil ratio. The new correlation got 13.32% as average 

relative error 
[16]

.   

Omar and Todd (1993) calculated a set of correlation coefficients based on similar work to 

Standing oil formation volume factor correlation based on 93 data sets from Malaysian oil 

reservoirs. The reported average absolute relative error was 1.44% 
[14]

 . 

Petrosky and Farshad (1993) developed new correlation by 90 data sets collected from PVT 

reports of Gulf of Mexico crudes. Standing correlation for oil formation volume factor was 

taken as a basis for developing the new correlation coefficients. They reported average 
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relative error of -0.01% and 0.64% as average absolute relative error
 [13]

. Kartoatmodjo and 

Schmidt (1994) used a global data bank to develop a new universal correlation for oil 

formation volume factor based on Vazquez & Beggs correlation. They gathered PVT data of 

740 different crude oil samples from all over the world and extracted 5392 data sets for the 

correlation development. Their correlation estimated oil formation volume factor with 

average absolute relative error of 2.025% 
[10]

. 

Almehaideb (1997) published a new correlation by 62 data sets from UAE reservoirs. His 

correlation was compared to other correlations including Standing and Al-Marhoun and 

attained more accurate results with average absolute relative error of 1.35% 
[17]

. Al-Shammasi 

(1999) presented two worldwide correlations for oil formation volume factor based on 1345 

PVT data using linear and non-linear regression method. One of them uses three variables as 

inputs namely the gas gravity variable is not required for this correlation. Other correlation 

uses the four variables which are conventionally used. He reported average absolute relative 

error of 3.033% for three variables correlation and 1.8% for another. The developed 

correlations were compared to 12 published correlations and the four variables correlation 

outperformed all of them 
[20]

. 

Dindoruk and Christman (2001) introduced a bubble point oil formation volume factor 

correlation with fourteen coefficients by investigation of several forms of correlation based 

on 99 data sets of Gulf of Mexico. Their correlation predicted oil formation volume factor at 

bubble point with average absolute relative error of 2%. El-Banbi et al (2006) proposed an oil 

formation volume factor for gas condensate and volatile oil fluids based on 1850 data sets 

obtained from eight gas condensate samples and 1180 sets obtained from five volatile oil 

samples fluids. They reported average absolute relative error of 2.7% for gas condensate 

samples and error of 1.6% for volatile oils 
[21]

. 

Hemmati and Kharrat (2007) used 287 data sets collected from more than 30 Iranian oil fields 

to derive a correlation for oil formation volume factor by applying the nonlinear multiple 

regression analysis and trial and error method. The reported average absolute relative error 

and correlation coefficient were 1.08% and 0.9929 respectively 
[23]

. 

Elmabrouk et al (2010) gathered 476 data points from 118 PVT reports which were collected 

from various Libyan oil fields. They developed a new correlation for oil formation volume 

factor at bubble point pressure as a function of separator pressure, separator gas oil ratio, 

stock tank oil gravity and reservoir temperature. They used 355 data points which were 
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randomly selected to develop this correlation and used the remaining data sets to test the 

validity of the newly developed correlation. They reported correlation coefficient of 0.963% 

and average absolute relative error of 1.6874% for prediction values of correlation 
[34]

. 

Table 2.3 shows the origin, number and ranges of used data which are used to develop oil 

formation volume factor correlations. 

Table 2.3. The origin, number and ranges of used data in oil formation volume factor correlations 

Author(s) No. of 

used 

Data 

Samples 

Origin 

Ranges of used data 

Rs 

(scf/STB) 

API 

(API) 

g 
(air=1) 

T 

(F) 

Bo 

(bbl/STB) 

Katz (1942) 117 U.S. mid-

continent 
9.3-1313 

21.8-

63.7 

0.575-

1.389 

58-

212 
▬ 

Standing (1947) 105 California 
20-1425 

16.5-

63.8 

0.59-

0.95 

100-

258 

1.024-

2.150 

Knopp and Ramsey 

(1959) 

159 Venezuela 
200-3500 15-47.5 

0.605-

1.67 

142-

307 
▬ 

Vazquez and Beggs 

(1980) 

6004 Worldwide 
0-2199 

15.3-

59.3 

0.511-

1.35 

75-

294 

1.028-

2.226 

Glaso (1980) 41 North Sea 
90-2637 

22.3-

48.1 

0.65-

1.28 

80-

280 

1.032-

2.588 

Al-Marhoun (1988) 160 Middle East 
26-1602 

19.4-

44.6 

0.75-

1.37 

72-

240 

1.032-

1.997 

Abdul-Majeed and 

Salman (1988) 

420 ▬ 
0-1664 

9.5-

59.5 

0.51-

1.35 

75-

290 

1.028-

2.042 

Dokla and Osman 

(1992) 

51 U.A.E 
181-2266 

28.2-

40.3 

0.80-

1.29 

190-

275 

1.216-

2.493 

Al-Marhoun (1992) 11728 Worldwide 
0-3265 

9.5-

55.9 

0.575-

2.52 

75-

300 

1.010-

2.960 

Farshad, LeBlance, 
Garber and Osorio 

(1992) 

 
98 

 
Colombia 6-1645 18-44.9 0.66-1.7 

95-
260 

1.06-
2.064 

Macary and El-

Batanoney (1992) 

90 Gulf of Suez 
200-1200 25-40 

0.70-

1.00 

130-

290 
1.20-2.00 

Omar and Todd 

(1993) 

93 Malaysia 
142-1440 

26.6-

53.2 

0.612-

1.32 

125-

280 

1.085-

1.954 

Petrosky and Farshad 

(1993) 

90 Gulf of 

Mexico 
217-1406 16.3-45 

0.58-

0.85 

114-

288 

1.118-

1.623 

Kartoatmodjo and 

Schmidt (1994) 

5392 Worldwide 
0-2890 

14.4-

58.9 

0.38-

1.71 

75-

320 

1.007-

2.144 

Almehaideb (1997) 62 U.A.E 
128-3871 

30.9-

48.6 

0.75-

1.12 

190-

306 

1.142-

3.562 

Al-Shammasi (1999) 1345 Worldwide 
6-3298 6-63.7 

0.51-

1.44 

74-

341 

1.02-

2.916 

Dindoruk and 

Christman (2001) 

99 Gulf of 

Mexico 
133-3050 14.7-40 

0.601-

1.027 

117-

276 

1.084-

2.898 

El-Banbi, Fattah and 

Sayyouh (2006) 

1180 ▬ 1991-

8280 

34.1-

58.5 

0.642-

1.54 

186-

312 
▬ 

Hemmati and Kharrat 

(2007) 

287 Iran 
125-2189 

18.8-

48.34 

0.523-

1.415 

77.5-

290 

1.091-

2.54 

Elmabrouk, Zekri and 
Sharif (2010) 

476 Libya 
10-1256 

25.3-
45.4 

0.73-
1.451 

100-
277 

1.064-
1.795 

  The marked sections with (▬) have not been reported. 
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2.2.4 Oil Viscosity Correlations 

Numerous correlations have been proposed to calculate the oil viscosity. These correlations 

are categorized into two types. The first type which refers to black oil type correlations 

predict viscosities from available field measured variables include reservoir temperature, oil 

API gravity, solution gas oil ratio, bubble point pressure and pressure. The second type which 

refers to compositional models derives mostly from the principle of corresponding states and 

its extensions. In these correlations beside the previous properties, other properties such as 

reservoir fluid composition, pour point temperature, molar mass, normal boiling point and 

critical temperature are used 
[35]

. The first type of viscosity correlations is more popular than 

other one because these correlations use usual data which are usually available. For 

mitigation, black oil type correlations are only discussed.  

Researchers published several viscosity correlations for dead, saturated and undersaturated 

crude oils. In general, µod, µob and µo correlations are presented as following functions: 

µod = f (API, T)                                                                                                                       2-7 

µob = f (µod, Rsb)                                                                                                                      2-8 

µo = f (µob, Pb, P)                                                                                                                     2-9 

Some published correlations use further parameters in addition to mentioned parameter in 

formulas 2-7 through 2-9 for viscosity predictions.  

In 1946, Beal developed two graphical correlations for determining the viscosity of the dead 

oils and undersaturated oils. He used 753 and 26 data sets from United States oil fields for 

developing dead and undersaturated oil viscosity correlations respectively. The reported 

average relative errors were 24.2% and 2.7% for dead and undersaturated oil viscosity 

correlations respectively 
[36]

. Standing expressed the Beal's graphical correlations in 

mathematical equations
 [4]

. 

Chew and Connally (1958) used 2257 data sets which were collected from 457 crude oil 

samples of the United States, Canada and South America oil fields and developed a saturated 

crude oil viscosity correlation in the graphical form and algebraic equation with confidence 

interval of 95% 
[37]

. 
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Kouzel (1965) proposed a correlation for viscosity estimation of undersaturated crude oils 

based on 95 viscosity measurements. His correlation gave average relative error of -4.8% and 

average absolute relative error of 10.7% 
[38]

. Beggs and Robinson (1975) developed two 

empirical correlations for determining the viscosity of the dead and saturated oils. They used 

two data banks which were contained 460 dead oil viscosity measurements and 2073 

saturated viscosity measurements. They reported average relative errors of -0.64% and -

1.83% for dead and saturated oils correlations respectively 
[39]

. 

In 1980, Vazquez and Beggs presented a worldwide correlation for undersaturated oil 

viscosity estimation based on 3593 data sets which were gathered from more than 600 

laboratory PVT analyses from fields all over the world 
[7]

. Glaso (1980) proposed a 

mathematical relationship for determination of the dead oil viscosity by 29 data sets from 

North Sea. He found a logarithmic relation between oil API gravity and dead oil viscosity
 [8]

. 

Labedi (1982) used 91 data sets of viscosity measurements of Libyan crudes and developed a 

set of correlations for prediction dead, saturated and undersaturated oil viscosity so that His 

correlations estimated these parameters with average relative errors of -2.61%, -2.38% and -

3.1% respectively. Also Labedi (1982) developed another three correlations based on 31 data 

sets from Angola and Nigeria and reported average relative errors of -5.87%, -2.3% and -

6.8% for dead, saturated and undersaturated oils. The reported errors show that all Labedi's 

correlations underestimated viscosity of oils 
[40]

.  

Khan et al (1987) presented viscosity correlations based on 184 data sets of saturated oils and 

1503 data sets of undersaturated oils from Saudi Arabia. Their correlations gave average 

absolute relative errors of 5.157 % and 1.915% for saturated and undersaturated oil viscosity 

respectively. In 1990, Abdul-Majeed et al used 253 data sets which were collected from 

North America and Middle East for computing of undersaturated oil viscosity. They obtained 

a logarithmic relation between pressure and viscosity. The proposed correlation predicted oil 

viscosity with average absolute relative error of 1.188% 
[41]

.  

Petrosky (1990) presented three viscosity correlations for Gulf of Mexico crudes. The 

correlations were presented for dead, saturated and undersaturated crude oils viscosity by 

118, 404 and 864 data sets of viscosity measurements respectively. The reported absolute 

average relative errors were 12.38%, 14.47% and 2.91% for dead, saturated and 

undersaturated oil viscosity respectively 
[42]

. In a similar work Kartoatmodjo and Schmidt 

(1991) developed a set of worldwide correlations for dead, saturated and undersaturated 
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crude oils viscosity using 661, 5321 and 3588 data sets respectively. This large data bank was 

collected from Indonesia, Middle East, North America and South America. Their correlations 

predicted dead, saturated and undersaturated oil viscosity with average absolute relative error 

39.61%, 16.68% and 6.88% respectively. These large errors come from scattering of used 

data, because the used data are collected from several hydrocarbon systems 
[10]

. 

Osorio (1991) applied 404 viscosity measurements of Colombian samples for saturated oil 

viscosity estimation. He divided collected data into two groups based on dead oil viscosity 

(i.e. µod≤4 cp and µod>4 cp) and presented two distinct correlations for each groups. He 

reported average relative errors of 0.49% for samples with µod≤4 cp and -8.74% for samples 

with µod>4 cp 
[43]

.  

De Ghetto et al (1994) used 195 data sets from Mediterranean Basin, Africa, Persian Gulf and 

North Sea for estimation dead, saturated and undersaturated oil viscosity. They divided 

viscosity measurements data into four different API gravity groups namely extra heavy oils 

for API ≤10, heavy oils for l0< API≤ 22.3, medium oils for 22.3 < API≤ 31.1, light oils for 

API>31.1 and developed four distinct correlations for each API group. These correlations 

have same forms with different coefficients corresponding to the oil types. According to the 

De Ghetto et al study, prediction accuracy of correlations decreases from extra heavy oils 

through light oils 
[15]

. 

Bennison (1998) developed a correlation for prediction of heavy oil viscosity. He used 16 

viscosity measurements from crude oils of North Sea. Developed correlation estimated dead 

oil viscosity with absolute average error of 16% for heavy oil samples 
[44]

. 

Elsharkawy and Alikhan (1999) used 254 viscosity data sets from Middle East crude oil 

samples and proposed three correlations for dead, saturated and undersaturated oil viscosity 

estimation. He reported average absolute relative error of 19.3%, 18.6% and 4.9% for dead, 

saturated and undersaturated oils respectively 
[45]

.  

In 2000, Bergman introduced two universal correlations based on 454 data sets of dead oil 

viscosity measurements and 2048 data sets of saturated oil viscosity measurements. These 

correlations predicted dead oil viscosity with average absolute relative error of 27.23% and 

saturated oil viscosity with average absolute relative error of 9% 
[46]

. 

Dindoruk and Christman (2001) proposed a dead oil viscosity correlation with eight 

coefficients by 95 viscosity measurements which were gathered from Gulf of Mexico crudes. 
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Despite other published correlations, this correlation uses bubble point pressure and bubble 

point solution gas oil ratio as additional parameters to predict dead oil viscosity. Using of 

these additional parameters has no significant effect on performance of correlation because 

Dindoruk and Christman reported average absolute relative error of 12.62%. Also they 

proposed two correlations for saturated and undersaturated oil viscosity with similar data 

base. The proposed correlations gave average absolute relative error of 13.2% and 5.99% for 

saturated and undersaturated oils respectively 
[21]

.   

Naseri et al (2005) developed a set of correlations for computing of dead, saturated and 

undersaturated oil viscosity for Iranian crude oils based on 250 data sets. They compared 

accuracy of developed correlations to other published correlations and their correlations 

outperformed all of them. They reported absolute average relative error of 15.3% for dead 

oils, 26.31% for saturated oils and 3.68% for undersaturated oils 
[47]

. 

Sattarin et al (2007) presented two dead oil viscosity correlations for light and heavy crudes 

based on 440 data sets which were obtained from viscosity analyses of Iranian crudes. At 

first, they presented a single correlation to estimate viscosity for the entire range of dead 

crude oil density, but then they attempted to develop more accurate correlations. Hence two 

separate equations were derived for heavy (°API less than 28) and light (°API higher than 28) 

dead crude oils so that new correlations reduced average absolute error about 6% and 

outperformed Naseri et al(2005) correlation which was developed for Iranian dead oils 
[48]

. 

Descriptions of used data in developing of dead, saturated and undersaturated viscosity are 

presented in Table 2.4, Table 2.5 and Table 2.6 respectively. 

Table 2.4. The origin, number and ranges of used data in dead oil viscosity correlations 

 

Author(s) 

No. 

of 

used 

Data 

 

Samples Origin 

Ranges of used data 

API 

(API) 

T 

(F) 

µod 

(cp) 

Beal (1946) 753 U.S.A 10.1-52.5 98-250 0.865-188 

Beggs & Robinson (1975) 460 ▬ 16-58 70-295 ▬ 

Glaso (1980) 29 North Sea 20.1-48.1 50-300 0.616-39.1 

Labedi (1982) 91 Libya 32.2-48 100-306 0.66-4.79 

Labedi (1982) 29 Nigeria and Angola 25.5-45.5 104-221 0.72-21.15 

Petrosky (1990) 118 Gulf of Mexico 25.4-46.1 114-288 0.725-10.25 

 

Kartoatmodjo & Schmidt 
(1991) 

 

661 

North and South 

America, Indonesia 
and Middle East 

14.4-59 80-320 0.506-59.6 

 

De Ghetto, Paone & Villa 

(1994) 

 

195 

Mediterranean 

basin, Africa, 

North America and 

Persian Gulf 

6-56.8 81-342 0.46-138.6 
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 Table 2.4 Continued  

Bennison (1988) 16 North sea 11.1-19.7 39-300 6.4-83.6 

Elsharkawy & Alikhan (1999) 254 Middle East 19.9-48 100-300 0.6-33.7 

Bergman (2000) 454 Worldwide 12-60 40-400 0.5-50 

Dindoruk & Christman (2001) 95 Gulf of Mexico 17.4-40 121-276 0.896-62.63 

Naseri, Nikazar & Mousavi Dehghani (2005) 250 Iran 17-44 105-295 0.75-54 

Sattarin, Modarresi, Bayat & Teymori (2007) 440 Iran 17-45 50-104 2-57 

 The marked sections with (▬) have not been reported. 

Table 2.5. The origin, number and ranges of used data in saturated oil viscosity correlations 

 

Author(s) 

No. of 

used 

Data 

 

Samples Origin 

Ranges of used data 

µod 

(cp) 

Rs 

(scf/STB) 

µob 

(cp) 

Chew & Connally 

(1959) 

2257 U.S.A, Canada and South America 0.377-

50 
51-3544 ▬ 

Beggs & Robinson 

(1975) 

2073 ▬ 
▬ 20-2070 ▬ 

Labedi (1982) 91 Libya 0.66-
4.79 

15-1255 
0.115-
3.72 

Labedi (1982) 31 Nigeria and Angola 0.72-

21.15 
22-1100 

0.098-

10.9 

Khan, Al-Marhoun, 

Duffuaa & Abu-Kamsin 

(1987) 

 

1841 

 

Saudi Arabia ▬ 24-1901 
0.13-

77.4 

Petrosky (1990) 864 Gulf of Mexico 
▬ 21-1885 

0.21-

7.40 

Osorio (1990) 404 Columbia 
▬ 6-1758 

0.107-

89.9 

Kartoatmodjo & 

Schmidt (1991) 

5321 North and South America, 

Indonesia and Middle East 
▬ 0-2890 

0.096-

586 

De Ghetto, Paone & 

Villa (1994) 

195 Mediterranean basin, Africa, 

North America and Persian Gulf 

0.46-

138.6 
9-3299 

0.07-

295.9 

Elsharkawy & Alikhan 

(1999) 

254 Middle East 
0.6-33.7 10-3600 

0.05-

20.89 

Bergman (2000) 2048 Worldwide 
▬ 5-2890 

0.125-

123 

Dindoruk & Christman 

(2001) 

95 Gulf of Mexico 0.896-

62.63 
133-3050 

0.161-

8.7 

Naseri, Nikazar & 
Mousavi Dehghani 

(2005) 

 
250 

 
Iran 0.75-54 255-4116 

0.11-

18.15 

 The marked sections with (▬) have not been reported. 

Table 2.6. The origin, number and ranges of used data in undersaturated oil viscosity correlations 

 

Author(s) 

No. of 

used 
Data 

 

Samples Origin 

Ranges of used data 

µob 

(cp) 

Pb 

(psia) 

P 

(psia) 

µo 

(cp) 

Beal (1946) 26 U.S.A 0.142-127 ▬ ▬ 0.16-315 

Kouzel (1965) 95 ▬ 
1.22-134 ▬ 

423-
6015 

1.78-202 

Vazquez & Beggs 

(1976) 

3593 Worldwide 0.105-

39.45 
15-6055 

126-

9500 

0.117-

148 

Labedi (1982) 91 Libya 0.115-3.72 60-6358 ▬ ▬ 

Labedi (1982) 31 Nigeria and 

Angola 
0.098-10.9 

715-

4794 
▬ ▬ 
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Table 2.6 Continued 

Khan, Al-Marhoun, 

Duffuaa & Abu-Kamsin 

(1987) 

 

1503 

 

Saudi Arabia 
0.13-

77.4 
▬ ▬ 

0.13-

71 

Abdul-Majeed, Kattan 

& Salman (1990) 

253 North America & Middle East 0.093-

20.5 

498-

4864 
42-4650 

0.096-

28.5 

Petrosky (1990) 404 Gulf of Mexico 0.211-

3.546 

1574-

9552 

1600-

10250 

0.22-

4.09 

Kartoatmodjo & 

Schmidt (1991) 

3588 North and South America, 

Indonesia and Middle East 

0.168-

184.86 

0.168-

517.03 
25-4775 

25-

6015 

De Ghetto, Paone & 

Villa (1994) 

195 Mediterranean basin, Africa, 

North America & Persian Gulf 

0.07-

295.9 
▬ ▬ 

0.13-

354.6 

Elsharkawy & Alikhan 

(1999) 

254 Middle East 0.05-

20.89 
25-4345 

1287-

10000 
0.2-5.7 

Dindoruk & Christman 
(2001) 

95 Gulf of Mexico 0.161-
8.7 

926-
12230 

110-
6500 

0.211-
10.6 

Naseri, Nikazar & 

Mousavi Dehghani 

(2005) 

 

250 

 

Iran 
0.11-

18.15 

420-

5900 

1400-

7000 
0.1-31 

The marked sections with (▬) have not been reported. 

2.3 Artificial Neural Networks 

Artificial neural networks (ANN) usually referred to as neural network are inspired from 

human brain system and mainly simulate brain learning processes. The brain is a highly 

complex, nonlinear and parallel information processing system how it can get information 

from environment and then learns and arranges data 
[49]

. 

In 1999, Haykin defined neural network as "a massively parallel distributed processor made 

up of simple processing units, which has a natural propensity for storing experiential 

knowledge and making it available for use". Neural network gets knowledge (learning data) 

from environment through learning process and then store attained knowledge 
[49]

. Also Kia 

(2009) defined ANNs as parallel simple operational elements which are inspired from 

biological neuron systems to solve complex problems that cannot be formulated as an 

algorithm 
[50]

. 

2.3.1 Artificial Neural Networks Background 

Neural networks were first introduced in 1943 by neurophysiologist McCulloch and 

mathematician Pitts within electrical circuits. In the 1950’s Rochester led the first efforts to 

simulate neural networks. He was eventually successful; so that traditional computing 

methods began to develop by his findings. In 1956 the Dartmouth researches affected 

significantly on both artificial intelligence and neural networks
 [51]

. 
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Frank Rosenblatt introduced Perceptron which is the oldest neural network in use today. The 

Perceptron computes a weighted sum of the inputs, subtracts a threshold, and passes one of 

two possible values out as the result. In 1959, multiple adaptive linear elements became the 

first neural network to be used commercially which was developed by Bernard Widrow and 

Marcian Hoff. It is an adaptive filter that reduces echoes in phone lines; it is still in use today 

[52]
. However, it was not until 1980's when ANN became useful due to the theoretical aspects 

developments of this new method which were made during the progress in computer 

technology and use of artificial intelligence. In 1982, Hopfield showed the role of neural 

networks in creating useful devices 
[51]

.  

2.3.2 Components of Artificial Neural Network  

Neural networks are formed from neurons, summation and transfer functions of neurons, 

interneuron connection weights or synaptic weights and biases. These neurons are placed in 

input, hidden and output layer. A typical neural network is shown in Figure 2.2. 

 

Figure 2.2. A typical neural network 
[53]

 

2.3.2.1 Neuron 

Neuron is the essential elements of ANN. Neurons are processor elements that execute simple 

tasks. Neurons apply a mathematical transfer functions to process the information that is 

received as an input and produce an output as a result. As the biological nervous system, 

neurons are connected by links, which transmit the signals among them. These connection 

links are called synaptic weights or weights 
[3]

.  
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2.3.2.1.1 Weight and Bias 

Weight and bias are two adjustable parts of neuron. The main idea of neural networks is that 

such parameters can be adjusted so that the network exhibits some desired or interesting 

behavior 
[1]

. Weights are adaptive coefficients within the network that determine the intensity 

of the input signal as registered by the artificial neuron 
[49]

.  

They are a measure of an input's connection strength. These strengths can be modified in 

response to various input data. Also the neurons may have bias
 [1]

. However, bias is an 

optional part of neurons but networks with biases can represent relationships between inputs 

and outputs more easily than networks without biases because a neuron with a bias can learn 

to have any net transfer function input under the same conditions by learning an appropriate 

value for the bias 
[54]

. 

2.3.2.1.2 Summation Function 

The first step in a processing operation is to compute the weighted sum of all of the inputs 

and weights for every neuron. The total input (T) for a neuron is given by: 

T=S (xi, wi) =
1

n

i i

i

x w


                                                                                                     2-10 

Where xi and wi are input and weight of neuron from i
th

 neuron of preceding layer 

respectively.  

The summation function can be more complex than input and weight sum of products. The 

input and weighting coefficients can be combined in many different ways before passing on 

to the transfer function. In addition to a simple product summing, the summation function can 

select the minimum, maximum, majority, product, or several normalizing algorithms 
[3]

. The 

specific algorithm for combining neural inputs is determined by the chosen network 

architecture and paradigm. 

2.3.2.1.3 Transfer Function 

The transfer function is a mathematical function which is applied by a neuron for 

computation of the outputs to subsequent neurons. It is a function that squashes the output 

signal in an acceptable range 
[51]

. When a neuron updates it passes the sum of the next signals 

through a transfer function or activation function (linear or nonlinear). The linear and sigmoid 
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functions are common transfer functions which are used by ANN. Sigmoid (log-sigmoid, tan-

sigmoid) and pure linear functions are useful transfer functions 
[54]

.  

They are especially advantageous for use in ANN, because the simple relationship between 

the value of the function at a point and the value of the derivative at that point reduces the 

computational process during training 
[53]

. The pure linear, log-sigmoid and tan-sigmoid 

functions are shown in Figure 2.3. The pure linear can give any value whereas sigmoid 

functions give limited output as can be seen in Figure 2.3, therefore output neurons utilize 

pure linear transfer function in many cases. 

 

Figure 2.3. Three useful types of transfer functions  

The output of j
th
 neuron of a layer is calculated by following equation: 

Oj = f (T + Bj)                                                                                                                       2-11 

Where T is total input of j
th

 neuron which is calculated by equation 2-10, Bj is bias of j
th

 

neuron, and f is transfer function corresponding to j
th

 neuron. These computations are shown 

schematically in Figure 2.4. It should be noted that Oj is used as input for other neurons.  

 

Figure 2.4. The multistep operation in a neuron 

2.3.2.2 Layers 

The neurons of a network are arranged in three types of layers including input, hidden and 

output layer so that all the neurons in any particular layer perform similar operation. The 

neurons of input layer receive information from the environment and transmit it to the hidden 
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layer neurons. Every neuron located in the input layer is interconnected with all of the 

neurons in the hidden layer, such that the information processing task is carried out parallel 

and simultaneously. In the same way, the hidden layer is interconnected to the output layer 

[55]
. The hidden layer is the one that actually analyzes the information from the environment 

to the ANN. The output layer receives this analysis and converts it into a meaningful 

interpretation to communicate it back to the environment 
[55]

.  

It should be noted that number of hidden layers are not restricted theoretically but networks 

have one or two hidden layers in many occasions and further hidden layers are unusual 
[51]

.  

2.3.3 Feed-Forward Back-Propagation Network 

Feed-Forward networks consist of layers and connections towards any one next layer 

(connections are only permitted to neurons of the next following layer). Currently, back-

propagation architecture is the most useful and effective model for complex problems 
[54]

. 

This network is used more than all other combined and greatly utilizes the sigmoid function 

for its transformation processes. It is a supervised learning algorithm which uses input data 

with corresponding target to train an ANN. In this strategy, the network learns by finding 

relationship between input and target or desired output. To find this relationship, any neuron 

of each layer gets input data and produces output based on its weight and bias then each 

neuron output is transmitted forward to other neurons of preceding layer as input
 [55]

. This 

process is done throughout of network and finally neurons of output layer produce network 

output. The network computes errors (difference between network outputs and targets) and 

propagates backward to minimize errors by modifying of weights and biases 
[1]

.  

The number of layers and the number of processing element per layer are important 

decisions. They are the art of the network designer. There is no short cut to a precise format 

to the layout of the network for any particular application 
[3]

. 

2.3.3.1 Learning Process 

In order to construct network for precise prediction, the network must be learned based on 

reliable and enough data sets during learning process. These used data sets in learning 

process are called learning data which are divided in three groups for training, validation and 

testing of the network; usually 60% of learning data sets are used to train, 20% in validation 
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and the remaining is used for the test purpose 
[56]

. The learning process will be finished when 

training, validation and testing processes gain acceptable results. 

2.3.3.1.1 Training Process 

The network is trained iteratively by training data sets to update weights and biases of 

neurons for minimizing error between network output and desired output. This iteration 

process will be stopped when error becomes less than determinate minimum error 
[1]

. There 

are several training algorithms for updating weights and biases such as gradient descent, 

gradient descent with momentum, variable learning rate, conjugate gradient, quasi-Newton 

and Levenberg-Marquardt 
[54]

. 

In general, on function approximation problems, for networks that contain up to a few 

hundred weights, the Levenberg-Marquardt algorithm will have the fastest convergence and 

most accurate results. This advantage is especially noticeable if very accurate training is 

required. However, as the number of weights in the network increases, the advantage of the 

Levenberg-Marquardt algorithm decreases. The storage requirements of Levenberg-

Marquardt are larger than the other algorithms 
[54]

. 

2.3.3.1.2 Validation Process  

Occasionally computed error may not reach minimum error after several iterations; in this 

case, the network memorizes inputs and targets so that all targets can be estimated perfectly 

(namely network is overfitted). Therefore validation data are used to prevent overfitting 

phenomenon during training process 
[53]

. In this way the network is trained iteratively with 

the training data sets and checked with the validation data sets at every iteration, training is 

stopped when validation error starts to increase 
[54]

. The rationale behind this method is the 

fact that during training the error of a network with respect to the training data always keeps 

on decreasing, but when compared to another independent data (validation), it initially 

decreases and then starts to increase. This point of increase indicates the start of overfitting, 

and hence training is stopped at this point 
[53]

. 

2.3.3.1.3 Testing Process 

After the Network has been successfully trained, then it should be tested with a set of data 

which are kept back from it during its training period. Testing data sets are employed to 
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check accuracy of optimized network. Somehow, the network is further checked using the 

testing data sets for generalization and any possibility of the network overfitting 
[3]

. 

2.4 History of PVT Neural Network Models  

In 1996, Gharbi and Elsharkawy provided two back-propagation neural network models for 

bubble point pressure and formation volume factor at bubble point pressure prediction of 

Middle East crude oil and gas mixture samples using 498 data sets. They used back-

propagation with momentum which was based on gradient descent algorithm. They found 

best structures for Pb and Bob model predictor so that both model contained two hidden layers. 

The architecture with eight neurons in the first hidden layer and four in the second was 

attained to predict Pb. Also, the architecture with six neurons in both hidden layers was 

attained to predict Bob. They compared accuracy of proposed models to Standing, Glaso and 

Al-Marhoun correlations by applying 22 data sets. Their model outperformed correlations 

with average absolute relative error of 6.89% for Pb and 2.79% for Bob. Also developed 

neural network models obtained acceptable correlation coefficients of 0.962 and 0.979 for Pb 

and Bob respectively 
[57]

.  

Also Gharbi and Elsharkawy (1997) proposed two universal neural network models for Pb 

and Bob based on 5200 data sets from 500 different crudes collected from all over the world. 

They used back-propagation learning algorithm with momentum and sigmoid transfer 

functions to develop models. Both model structures were contained one hidden layer with 5 

neurons. They tested developed models by 234 data sets and similar to their previous study, 

acceptable results were obtained. Pb model estimated bubble point pressure with correlation 

coefficient of 0.989 and average absolute relative error of 6.48% which was more accurate 

compared to empirical correlations. In the other hand, their Bob model outperformed 

empirical correlations with correlation coefficient of 0.987 and average absolute relative error 

of 1.97%. The reported results for the universal model showed less improvement than the 

Middle East neural model over the conventional correlations 
[58]

. 

Elsharkawy (1998) published a neural network model to estimate PVT parameters of crude 

oil and natural gas systems using a radial basis function. The model can predict oil solution 

gas oil ratio, oil formation volume factor at bubble point, oil viscosity, saturated oil density, 

evolved gas gravity and undersaturated oil compressibility. He used differential PVT data of 

ninety samples for learning and ten samples for testing the network. Accuracy of the model 
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was compared for training and testing samples to all published correlations. The proposed 

model is much more accurate than these conventional correlations in predicting the properties 

of the oils. Input data of this network were reservoir pressure, temperature, stock tank oil 

gravity, and separator gas gravity 
[59]

.  

At another study, Al-Shammasi (1999) published two universal neural network models for 

estimating bubble point pressure and oil formation volume factor at Pb. He developed Pb 

model based on 1106 data sets and Bob model based on 1165 data sets which were collected 

from North and South America, North Sea, Middle East and Pakistan. He proposed two 

hidden layer networks with 5 neurons in the first hidden layer and 3 neurons in the second for 

both parameters. The neurons applied log-sigmoid, tan-sigmoid and pure-linear transfer 

functions for first hidden layer, second hidden layer and output layer respectively. He used 

137 data sets for testing of Pb model performance and this model obtained results with 

average absolute relative error of 19.86%. Also Bob model was tested by 180 data sets and 

obtained results with average absolute relative error of 11.68% 
[20]

. 

In 2000, Elsharkawy and Gharbi compared classical and neural network techniques in 

modeling of crude oil viscosity using PVT analysis of 59 crude oil samples from different 

Kuwaiti oil fields. They presented three correlations and four ANN models for dead, 

saturated and undersaturated oil viscosity based on 700 data sets, and then compared 

correlations and ANN models by 105 data sets. They claimed in training process, all 

networks surpassed developed correlations and back-propagation network with Levenberg-

Marquardt training algorithm and  general regression neural network were more accurate than 

other networks. Also, they reported that correlations have comparable accuracy with ANN 

models when testing data sets (i.e. 105 data sets) have been used. Correlations gave 

correlation coefficient of 0.9640 and average absolute relative error of 22.91%. All of the 

ANN models predicted oil viscosity with correlation coefficients of about 0.97 and general 

regression neural network was the best method with average absolute relative error of 

18.45%. Other networks predicted oil viscosity with average absolute relative error of about 

23% 
[60]

.  

Osman et al (2001) presented a feed-forward back-propagation neural network with one 

hidden layer for predicting the formation volume factor at the bubble point pressure. This 

model was developed using 803 published data from the Middle East, Malaysia, Colombia 

and Gulf of Mexico fields. The hidden layer was formed from 5 neurons with sigmoid 
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transfer functions. The developed model estimated Bob with average absolute relative error of 

1.788%. This model was more accurate than published correlations including Standing, 

Vazquez and Beggs, Glaso and Al-Marhoun correlations 
[61]

. 

Al-Marhoun and Osman (2002) have presented models for bubble point pressure and 

formation volume factor using multilayer perceptron trained by back-propagation with early 

stopping based on 283 data sets of Saudi Arabian crudes. The presented models contained 

one hidden layer with 7 neurons for Pb and 8 neurons for Bob. They reported an average 

absolute relative error of 5.89% for bubble point pressure and 0.511% for Bob. This study 

showed significant increase in accuracy over Al-Marhoun's previous correlations, also 

developed for Saudi crude [62]. 

Goda et al (2003) developed neural network models for prediction of bubble point pressure 

and formation volume factor using 160 data sets from Middle East oil fields. The developed 

models contained two hidden layers with 10 neurons in both layers for Pb and 8 neurons for 

Bob. All hidden neurons were activated by log-sigmoid function and output neurons were 

activated by pure linear function for both developed models. They used output values of Pb 

model as input in Bob model and this is a basic difference between this work and previous 

works. The reported average absolute relative errors were 3.07% for Pb and 3.68% for Bob 
[63]

. 

Ayoub et al (2007) used 99 data sets of viscosity measurements from Pakistani oils to 

construct a neural network for predicting viscosity at below bubble point pressures. This 

network was constructed from seven neurons (i.e. pressure, temperature, bubble point 

pressure, formation volume factor, solution gas oil ratio, gas specific gravity and API gravity) 

in input layer, two sets of eight neurons in two hidden layers and one neuron in output layer. 

It was better than Khan et al and Labedi empirical correlations in prediction of viscosity at 

below bubble point pressures with correlation coefficient of 0.993 and average absolute 

relative error of 1.17% 
[64]

.  

Omole et al (2009) predicted Nigerian crude oil viscosity using artificial neural network. 

They used viscosity measurements of 32 crude oil samples and presented a back-propagation 

neural network model for saturated oil viscosity estimation. The developed model uses 

reservoir pressure and temperature, gas gravity, API gravity and solution gas oil ratio as 

inputs and predicted saturated oil viscosity as output through a hidden layer with 7 neurons. 

The neural network model gave the lowest average absolute relative error of 6.781% and the 
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highest correlation coefficient of 0.9989 as compared to those obtained using other 

correlations 
[65]

. 

Dutta and Gupta (2010) developed a set of feed-forward back-propagation neural network 

models for bubble point pressure, solution gas oil ratio, oil formation volume factor (for both 

saturated and undersaturated crude) and viscosity (for both saturated and undersaturated 

crude) using of Indian crudes. Pb, Rsb and µob models were constructed from two hidden 

layers and other models were constructed from one hidden layer. For all developed models, 

hidden and output neurons applied tan-sigmoid and pure-linear functions as transfer function 

respectively. Furthermore they selected numerous published correlations for each PVT 

parameter and compared their performance to developed neural network models. The 

obtained results showed all networks are more accurate than empirical correlations 
[53]

. 

All of the previous works showed that ANN models have capability for PVT properties 

prediction with acceptable accuracy. Also these models are more accurate and reliable than 

PVT empirical correlations as researchers claimed. Therefore, ANN is suitable for PVT 

properties prediction and they can be used as more accurate method.     
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Chapter 3 

Methodology and Data Gathering 

3.1 Methodology 

Feed-forward back-propagation networks with Levenberg-Marquardt training algorithm has 

been chosen to develop neural network models because of their prediction capabilities and 

ability to generalize well on a wide variety of problems 
[55]

. MATLAB
TM

 (version R2010a) 

neural network toolbox is used to train network and achieve proper model. Three types of 

ANN model are developed based on black oil properties, empirical correlations and 

components of reservoir fluids for each of PVT properties (i.e. Pb, Rsb, Bob and µo). 

3.1.1 Procedures of ANN Model Development 

To develop an artificial neural network model, the following steps must be performed: 

1) Preparing and Classifying of Data 

2) Normalizing of Data 

3) Network Learning 

4) Performance Evaluation of Developed Network 

It should be noted that, producing of ANN model is completed after third step and last step is 

conducted to checking accuracy of network by separate data which are not used in learning 

process.    

3.1.1.1 Preparing and Classifying of Data 

At first, input data and its corresponding target data must be collected and arranged for 

developing of neural network models. Then these data are divided randomly into two groups. 

The first group contains 80%-85% of collected data which are used for learning and second 

group contains the remaining data which are used for verification or checking accuracy of 

network.  

As discussed in section 2.3.3.1, learning data are divided into three subsets which are used for 

training, validation and testing. It should be noted that later subset (i.e. testing) is different 
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from verification group. The verification data is not used in learning process of network and 

is used just for testing of performance of the model 
[56]

. Division process of data is illustrated 

in Figure 3.1.  

 

Figure 3.1. Data division process 

3.1.1.2 Normalizing of Data 

Prior to learning process, the used data sets should be normalized because various input 

variables have different domains of variation and normalization makes their domain of 

variation uniform and prevents scattering of variables 
[53]

. Effects of normal data on transfer 

functions of neurons are more sensible than unmoral data and causes to facilitate the learning 

process 
[1]

.  

There are two common methods for normalization; first method is normalizing by minimum 

and maximum values of variables and second ones is normalizing by mean and standard 

deviation values of variables. 

In the first method, data will be normalized by dividing the difference between desired value 

and minimum value of variable by difference between maximum and minimum value of each 

variable 
[57]

. It makes dimensionless data sets that range from 0 to 1.  

The normalized data by this method are calculated by following formula: 

Xn= min

max min

X - X

X - X
                                                                                                                                       3-1 

Where Xn is the normalized value, X is the original value and Xmin and Xmax are minimum 

and maximum of variable respectively. 

Extracted Data

Learning Data

Training 
Data

Validation 
Data

Testing 
Data

Verification Data
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In the second method, data will be normalized by dividing the difference between desired 

value and mean of variable to standard deviation of each variable that creates a data set with 

average of zero and standard deviation of one 
[53]

. 

The normalized data by this method are calculated by following formula: 

Xn =
x

X - X

σ
                                                                                                                                               3-2  

Where Xn is the normalized value, X is the original value, X and σx are mean and standard 

deviation of variable respectively.  

The second method is chosen for normalization of data at this study because it is more 

success to normalization when scattering of data is large 
[53]

. 

3.1.1.3 Network Learning 

At this stage, learning data are used for development of neural network model. The proper 

model will be obtained when training, validation and testing processes make acceptable and 

reliable results.  

To find best predictor model, several network architectures with different network parameters 

must be investigated. Number of hidden layers, number of neurons in the each hidden layer 

and transfer functions of neurons will be determined after this investigations. Also connection 

weights and biases of model should be reported. 

It should be noted that all of hidden layer neurons utilize sigmoid functions as transfer 

function, and also output neuron uses linear function as transfer function because it can give 

any value whereas sigmoid functions give limited output (i.e. 0 to1or -1to1) 
[54]

.  

After finding of the best model, it is ready to get new inputs which has never seen and 

predicts output. 

3.1.1.4 Performance Evaluation of Developed Network 

The verification data has never used in developed model therefore it is used to check 

accuracy and prediction performance of the model.  

In order to find prediction ability of network, it receives the new inputs and estimates values 

as output. Then Average Relative Errors (ARE), minimum (Emin) and maximum (Emax) 
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absolute relative errors, Average Absolute Relative Errors (AARE), standard deviation of 

absolute relative error (STD) and correlation coefficients (R) are calculated according to the 

network output and actual values.  

The values of these statistical terms indicate prediction ability of network. Above terms are 

defined in equations 3-3 through 3-8 respectively. 

ARE= 1 100

N
e m

i m

X X
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                                                                                                    3-8                   

The estimated value, measured value, mean of measured value and number of data set are 

denoted by Xe, Xm, X̅m and N respectively in equations 3-3 through 3-8. ARE, Emin, Emax and 

AARE are expressed in percent. 

In addition, cross validation plot is used to show accuracy of network. The measured and 

estimated values are plotted versus each other in this plot. The plotted points fit the 45° line 

when network makes high accurate results and in the other hand, plotted points are far from 
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the 45° line for low accurate results. Moreover trend of predicted values can be followed in 

entire range of variable by this graphical method. 

Also mentioned statistical and graphical techniques are used to compare performance of 

neural network models with empirical correlations. 

3.1.2 Development of PVT Neural Network Models 

Three types of network can be presented for each PVT parameter based on different input 

data.  These models predict bubble point pressure, solution gas oil ratio at bubble point 

pressure, formation volume factor at bubble point pressure and oil viscosity at and above 

bubble point pressure.  

These types of network are listed below: 

1) Black Oil PVT Models  

2)  PVT Models Based on Empirical Correlations 

3) Compositional PVT Models 

3.1.2 .1 Black Oil PVT Models 

The black oil based models refers to correlations that predict PVT properties from available 

field measured variables include oil API gravity, gas gravity, reservoir temperature, solution 

gas oil ratio, bubble point pressure and reservoir pressure. These types of PVT models are 

compared to eight typical empirical correlations by verification data.  

The selected correlations are chosen based on popularity and geographical area where 

correlations are originated. Because, the PVT data of Iranian reservoirs fluids are used in the 

current study therefore Iranian and Middle East Correlations have priority for selection. After 

these correlations, some of worldwide correlations are considered. Also two or more typical 

correlations have been selected which are developed for special territories like North Sea and 

Gulf of Mexico.   

3.1.2.1.1 Bubble Point Pressure Model 

This model receives solution gas oil ratio at bubble point pressure, oil API gravity, gas 

specific gravity and reservoir temperature as inputs and predicts bubble point pressure as 

output. This model is shown schematically in Figure 3.2. 



36 
 

 

Figure 3.2. A typical form of black oil based model for bubble point pressure 

3.1.2.1.2 Solution Gas Oil Ratio at Bubble Point Pressure Model 

This model receives bubble point pressure, oil API gravity, gas specific gravity and reservoir 

temperature as inputs and predicts solution gas oil ratio at bubble point pressure as output. 

Figure 3.3 shows this ANN model schematically. 

This is clear that, Pb and Rsb are substituted with each other as take placed in Pb and Rsb 

empirical correlations. 

 

Figure 3.3. A typical form of black oil based model for solution gas oil ratio at bubble point pressure 
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3.1.2.1.3 Formation Volume Factor at Bubble Point Pressure Model 

Like bubble point pressure model, this model also receives solution gas oil ratio at bubble 

point pressure, oil API gravity, gas specific gravity and reservoir temperature as inputs and 

predicts bubble point pressure as output. A typical form of this model is shown in Figure 3.4. 

 

Figure 3.4. A typical form of black oil based model for oil formation volume factor at bubble point 

pressure 

3.1.2.1.4 Oil Viscosity at and above Bubble Point Pressure Model 

This model receives pressure (or bubble point pressure), solution gas oil ratio at bubble point 

pressure, oil API gravity, gas specific gravity, and reservoir temperature as inputs and 

predicts oil viscosity above bubble point pressure ( or oil viscosity at bubble point pressure) 

as output. Figure 3.5 shows a typical black oil based model for oil viscosity at and above 

bubble point pressure. 

 

Figure 3.5. A typical form of black oil based model for oil viscosity at and above bubble point 

pressure 
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In spite of existence of separate empirical correlations for µob and µo, these two parameters 

are estimated by a single model. The mentioned ANN model predicts µob when gets Pb and 

predicts µo when gets P. 

3.1.2.2 PVT Models Based on Empirical Correlations 

As discussed in chapter 2, several empirical correlations are presented for each PVT 

parameters by researchers. In order to performance evaluation of black oil networks, some 

typical correlations are selected and compared to black oil based models using verification 

data. Based on this comparison, for each PVT parameter three of high accurate correlations 

are selected. After this selection, outputs of these correlations are used as input of neural 

network models for prediction of desired PVT parameter.  

The making procedures of correlation based model for Pb, Rsb, Bob and µo are illustrated in 

Figure 3.6. After making of these types of PVT models, they are compared to high accurate 

empirical correlations by verification data and ability of presented correlations based model 

in improvement of empirical correlations is investigated. 

 

Figure 3.6. Schematic configurations of correlation based model for Pb, Rsb, Bob and µo 
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3.1.2.3 Compositional PVT Models 

In general, compositional PVT models are developed based on reservoir fluid compositions 

and reservoir temperature.  

The mole fractions of hydrocarbon components (C1, C2, C3, iC4, nC4, iC5, nC5, C6, C7, C8, C9, 

C10, C11and C12+) and non-hydrocarbon components (H2S, CO2 and N2), molecular weight 

(MW) of C12+  and specific gravity (Sp.Gr) of C12+ are usually measured in the reservoir fluid 

compositions test. These parameters and reservoir temperature are used to prediction of Pb, 

Rsb and Bob as inputs of ANN models. For presenting of ANN model for viscosity prediction, 

pressure is used in addition to previous parameters as inputs. 

There are no distinction between iso-paraffin and normal paraffin because; the concentrations 

of these hydrocarbons are usually very small when compared with methane and plus-fraction. 

Therefore, they can be added to each other in network developing 
[6]

.  

Also, mole fractions of C2-C3, C4-C5, C6-C7, C8-C9 and C10-C11 can be accompanied to each 

other, because molecular weights of mentioned components are nearly equal. The number of 

input neurons will be reduced by this accompaniment which is caused to reduce number of 

weights and obtain more suitable ANN models. Figure 3.7 shows a typical model for Pb as 

example of compositional based models. As can be seen in Figure 3.7, this model has 13 

neurons in input layer.   

 

Figure 3.7. A typical bubble point pressure compositional model 
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3.2 Data Gathering  

As discussed in previous sections, some of input and output data sets are needed for making 

of any particular network as can be seen in Figures 3.2 through 3.7. Therefore, requirements 

inputs and targets for each type of network must be collected and arranged.  

For acquisition of proper data sets, 55 PVT reports of southern Iranian oil fields have been 

investigated which were obtained from PVT analyses of Asmari and Bangestan reservoir oil 

samples. These 55 PVT reports contain results of 89 constant mass expansion tests, 68 

differential vaporization tests, 48 oil viscosity measurements and 42 reservoir fluid 

composition analyses.  

157 data sets are collected from mentioned constant mass expansion and differential 

vaporization tests. Each data set consists of solution gas oil ratio at bubble point pressure 

(Rsb), oil API gravity (API), specific gas gravity (g), temperature (T) and bubble point 

pressure (Pb) which are used to develop black oil and correlations based models for Pb and 

Rsb. Statistical descriptions of these extracted data sets are shown in Table 3.1. 

Table 3.1. Statistical descriptions of used data in developing of black oil and correlations based 

models for Pb and Rsb 

PVT property Min Median Max Mean σ 

Rsb (SCF/STB) 169.53 589.61 1608.26 675.21 301.89 

API (
◦
API) 19.3 28.43 45.42 27.885 5.2692 

g (air=1) 0.7472 0.9385 1.4033 0.9887 0.1578 

T (
◦
F) 90 180 266 177.89 51.507 

Pb (psia) 915 2204 4256 2428.0 934.49 

  

Solution gas oil ratio at bubble point pressure (Rsb), oil API gravity (API), specific gas 

gravity (g), temperature (T) and oil formation volume factor at bubble point pressure (Bob) 

are needed for development of Bob black oil and correlations based models.  Hence, 115 data 

sets are extracted from results of 47 constant mass expansion tests, 68 differential 

vaporization tests so that they contain requirement PVT properties. Table 3.2 shows statistical 

analysis of aforementioned data. 

447 data sets are gathered for preparing of black oil viscosity model at and above bubble 

point pressure from 48 oil viscosity measurements.  
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Table 3.2. Statistical descriptions of used data in developing of black oil and correlations based 

models for Bob 

PVT property Min Median Max Mean σ 

Rsb (SCF/STB) 152.23 589 1407.41 680.84 314.66 

API (
◦
API) 18.251 27.47 43.58 27.117 5.3893 

g (air=1) 0.7440 0.9337 1.3976 0.9885 0.1619 

T (
◦
F) 90 190 260 183.33 50.844 

Bob (bbl/STB) 1.1536 1.3996 2.0031 1.4267 0.1808 

  

These viscosity data contain 60 data sets of µob and 387 data sets of µo. Each data set consists 

of Rsb, API, g, T, pressure (P or Pb) and oil viscosity (µob or µo). It should be noted that, 

viscosity data of undersaturated oil (i.e. 387 data sets) are only used for developing of 

correlations based model. Table 3.3 shows statistical parameters of used PVT variables in 

viscosity black oil and correlations based models. 

In order to develop bubble point pressure and solution gas oil ratio compositional models, 

PVT reports are investigated and 102 data sets are extracted. For developing of oil formation 

volume factor at bubble point pressure and undersaturated oil viscosity compositional 

models, 94 and 375 data sets are collected respectively.  

Table 3.3. Statistical descriptions of used data in developing of viscosity black oil and correlations 

based models 

PVT property Min Median Max Mean σ 

Rsb (SCF/STB) 322.45 553 1608.26 689.32 323.44 

API (
◦
API) 19.3 25.07 42.8 26.22 4.5855 

g (air=1) 0.7530 0.9730 1.397 1.0325 0.1774 

T (
◦
F) 115 215 260 213.96 32.520 

Pb (psia) 1311 2110 4256 2542.25 1027 

P (psia) 1423 3922 6540 3656.74 1186.5 

µob (cp) 0.1854 0.9762 2.7731 1.0687 0.6920 

µo (cp) 0.1878 1.2925 18.425 1.8307 2.4927 

  

All data sets contain mole fractions of hydrocarbon and non-hydrocarbon components, 

temperature and desired variable (i.e. Pb, Rsb, Bob and µo); only pressure is an additional 

parameter in viscosity model. Statistical descriptions of collected data for Pb and Rsb are 

shown in Table 3.4. Statistical parameters of used data in Bob and µo compositional models 

are shown in Table 3.5 and Table 3.6 respectively (The reservoir fluid components are 

reported in percent). 
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Table 3.4. Statistical descriptions of used data in developing of Pb and Rsb compositional models 

σ Mean Max Median Min Parameter 

0.9573 0.7473 2.94 0.16 0 H2S 

0.1836 0.2519 0.88 0.21 0.06 N2 

1.9798 1.7293 7.53 0.78 0.05 CO2 

11.03 34.74 49.24 36.815 17.22 C1 

0.8685 7.3346 9.65 7.33 4.91 C2 

1.010 5.3861 9.37 5.21 4.28 C3 

0.3330 1.1628 2.08 1.07 0.84 iC4 

1.0250 3.0873 6.58 2.805 2.13 nC4 

0.7369 1.2175 4.23 0.98 0.6 iC5 

0.7789 1.3718 4.61 1.14 0.67 nC5 

1.2310 3.7063 5.44 3.82 0.7 C6 

1.6843 3.5056 7.78 3.48 0.365 C7 

0.8867 2.5981 4.59 3.08 0.67 C8 

0.661 2.6488 4.26 2.62 1.68 C9 

0.5139 2.4489 3.45 2.4 1.63 C10 

0.4209 2.1648 3.28 2.11 1.39 C11 

7.2475 25.41 39.62 23.17 13.71 C12+ 

47.74 337.74 492 330 240 MW of C12+ 

0.02123 0.9334 0.977 0.9336 0.9025 Sp.Gr of C12+ 

55.01 183.69 295 194.5 90 T (°F) 

325.37 688.64 1523.2 585 33.58 Rsb (scf/STB) 

1029.25 2532.6 4256 2342.5 915 Pb (psia) 

                             

Table 3.5. Statistical descriptions of used data in developing of Bob compositional model 

σ Mean Max Median Min  

0.9342 0.7212 2.94 0.16 0 H2S 

0.1887 0.2495 0.88 0.205 0.06 N2 

1.8176 1.6122 7.53 0.78 0.05 CO2 

10.954 35.584 49.24 38.65 17.22 C1 

0.7853 7.3307 9.65 7.33 4.91 C2 

0.8632 5.3020 9.37 5.16 4.28 C3 

0.3055 1.1360 2.08 1.06 0.84 iC4 

0.8970 2.9894 6.58 2.755 2.13 nC4 

0.6080 1.1335 4.23 0.93 0.6 iC5 

0.6458 1.2856 4.61 1.12 0.67 nC5 

1.2303 3.7088 5.44 3.82 0.7 C6 

1.5831 3.5960 7.78 3.52 0.365 C7 

0.8394 3.0540 4.59 3.12 0.67 C8 

0.6762 2.6400 4.26 2.615 1.68 C9 

0.5068 2.4424 3.45 2.4 1.63 C10 

0.4287 2.1617 3.28 2.11 1.39 C11 

7.1536 24.993 39.62 23.13 13.71 C12+ 

48.386 337.28 492 330 240 MW of C12+ 

0.0210 0.9325 0.9772 0.928 0.9025 Sp.Gr of C12+ 

52.270 186.13 260 200 90 T (°F) 

0.1828 1.4458 2.0031 1.406 1.1536 Bob (bbl/STB) 
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Table 3.6. Statistical descriptions of used data in developing of viscosity compositional model 

σ Mean Max Median Min  

0.9692 0.7242 2.94 0.156 0 H2S 

0.1920 0.2582 0.88 0.21 0.06 N2 

1.7538 1.5169 7.53 0.51 0.05 CO2 

11.355 34.721 49.24 36.75 17.22 C1 

0.8019 7.2630 9.65 7.32 4.91 C2 

0.8005 5.2756 9.37 5.11 4.28 C3 

0.3154 1.1402 2.08 1.06 0.84 iC4 

0.8457 2.9682 6.58 2.77 2.13 nC4 

0.6419 1.1350 4.23 0.93 0.6 iC5 

0.6729 1.2789 4.61 1.04 0.67 nC5 

1.1754 3.8429 5.44 3.86 0.7 C6 

1.5880 3.5653 7.78 3.52 0.365 C7 

0.8793 2.9641 4.59 3.12 0.67 C8 

0.6746 2.6573 4.26 2.62 1.68 C9 

0.5120 2.4640 3.45 2.4 1.63 C10 

0.4074 2.1829 3.28 2.11 1.39 C11 

7.4073 25.964 39.62 23.85 13.71 C12+ 

44.036 333.74 492 330 240 MW of C12+ 

0.0210 0.9331 0.9772 0.9336 0.9025 Sp.Gr of C12+ 

28.809 216.97 260 215 140 T (°F) 

1224.7 3593.0 6540 3901 1311 P (psia) 

0.7578 1.1493 3.8653 1.0905 0.1854 µo (cp) 
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Chapter 4 

Results and Discussions 

4.1ANN Models Development and Testing 

Black oil, correlations and compositional based models are three types of ANN model which 

are presented for each PVT property prediction. They are prepared based on learning data 

which are randomly selected from extracted data and then performances of developed ANN 

models are checked by verification data. Also, first and second types of PVT models (i.e. 

black oil and correlations based models) are compared with selected empirical correlations. 

4.1.1 Bubble Point Pressure Models 

4.1.1.1 Black Oil Based Model 

The Pb model contains four neurons in input layer so that they get Rsb, API, g and T 

respectively. 127 data sets are selected from extracted data (i.e. 157 data sets) for developing 

this model.  

The proper model is obtained after investigation of several networks. This model has two 

hidden layers with 6 neurons in first hidden layer and 3 neurons in second hidden layer. First 

and second hidden layer neurons apply log-sigmoid and tan-sigmoid functions as transfer 

function respectively. The model weights and biases are listed in Table 4.1.  

It should be noted that, Wji is connection weight between j
th
 neuron of one layer and i

th
 

neuron of preceding layer and Bj is the bias of j
th
 neuron. 

Standing 
[4]

, Galso 
[8]

, Al-Marhoun 
[9]

, Petrosky and Farshad 
[13]

, Velarde et al 
[19]

, Al-

Shammasi 
[20]

, Mehran et al 
[22]

, and Hemmati and Kharrat 
[23]

 correlations are selected for 

comparing to the developed model. The mentioned correlations are listed in Table 4.2. 
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Table 4.1. Weights and biases of black oil based model for bubble point pressure 

W (Weight) Bias 

j\i 1 2 3 4 5 6 Bj 

First Hidden Layer 

1 0.8823 4.8028 -2.1252 -1.0529  3.0603 

2 -3.2608 -1.2581 2.8916 -1.9676 3.0964 

3 1.5186 -2.2129 -2.5427 1.5223 -0.6616 

4 -2.8331 -2.1800 0.3326 1.6715 -1.5924 

5 4.4328 1.4894 -0.8125 -1.8982 2.3688 

6 2.7818 -0.1033 0.6869 -0.8467 3.6597 

Second Hidden Layer 

1 1.3900 -1.9584 -0.9241 -1.7249 0.4619 -1.700 1.4400 

2 -0.4324 -0.5725 0.2411 -1.0931 -0.9241 1.6445 0.1195 

3 -1.7737 1.2895 -2.2714 0.2734 -1.5749 2.3018 -0.9321 

Output Layer 

1 -1.0141 2.9152 -0.7149  -0.8469 

 

Table 4.2. Bubble point pressure correlations  

Author(s) Correlation 

Standing (1947) Pb=18.2[(
Rs

ᵞg
)

0.83×10
0.0091T-0.0125API

 -1.4] 

 

Glaso (1980) 

Pb=10
1.7669+1.7447log(K)-0.30218(log(K))2 

                          
0.816 0.172 -0.989s

g

R
K=( ) ×T ×API

γ
                                       

Al-Marhoun (1988) Pb=0.00538088×Rs
0.715082×g

-1.877840×o
3.143700×(T+460)

1.326570
 

 

Petrosky & Farshad (1993) Pb=112.727×[(

0.5774

sb
R

0.8439

g
γ

)×10
K
 – 12.340] 

K= 0.00004561×T
1.3911  

- 0.0007916×API
1.541

 

Velarde, Blasingame & 
McCain (1999) 

Pb=1091.47×[Rs
0.081465×g

-0.161488×10
K 

- 0.740152]
5.354891 

K=0.013098×T
0.282372

 – 0.0000082×API
2.176124

 

Al-Shammasi (1999) Pb=o
5.527215×[e

(-1.841408*g*o) ×(Rs×(T+460) ×g]
0.783716

 

Mehran, Movagharnejad & 

Didanloo (2006) 
Pb=3.146×Rs

0.8035×g
-1.3114×o3.3925×T

0.3466
 

 

Hemmati & Kharrat (2007) 
 

 

Pb=10.4566[(
Rs

ᵞg
)

K×10
0.0008T-0.0098o

 -8.6817] 

K=1.5897-0.2735Bob -0.4429g +0.04692Bob
2
 +0.144g

2
 - 

0.1596

ϒg×Bob
 

 

The verification data consist of 30 data sets are used for performance comparison of 

correlations and ANN model. It should be noted that verification data are randomly selected 
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from data sets which contain Bob because some correlations use this parameter to predict 

bubble point pressure. The results of comparison between correlations and developed model 

are shown in Table 4.3. 

Table 4.3 Statistical analyses of bubble point pressure correlations and black oil based ANN model 

Correlation ARE 

 (%) 

Emin 

(%) 

Emax 

(%) 

AARE  

(%) 

STD R  

Standing (1947) 14.102 0.892 48.151 16.325 12.07 0.9551 

Glaso (1980) 34.892 4.281 63.680 34.892 18.33 0.9762 

Al-Marhoun (1988) -14.903 2.307 30.836 15.057 7.628 0.9835 

Petrosky & Farshad (1993) 9.694 0.218 24.851 10.542 5.790 0.9900 

Velarde, Blasingame & McCain (1999) -7.444 0.559 20.095 8.347 4.993 0.9875 

Al-Shammasi (1999) 8.264 0.026 30.515 9.914 8.486 0.9841 

Mehran, Movagharnejad & Didanloo (2006) -1.918 0.094 17.517 5.431 4.116 0.9832 

Hemmati & Kharrat (2007) -1.075 0.054 16.894 4.752 4.500 0.9831 

ANN model -0.255 0.291 11.962 3.747 3.224 0.9926 

 

Also, the verification data is applied to plot the cross validation plots for correlations and 

ANN model as can be seen in Figure 4.1. 

 

Figure 4.1. Cross plots of bubble point pressure correlations and ANN black oil based model 
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Descriptive statistic and cross-plots showed that ANN model is more accurate than 

correlations. The ANN model gives highest correlation coefficient of 0.9926 and lowest 

AARE of 3.747%. Also, the points fit the 45° line very closely for the ANN model as can be 

seen in Figure 4.1.  

4.1.1.2 Correlations Based Model 

The Hemmati and Kharrat, Mehran et al, Velarde et al and Al-Shammsi correlations gave the 

best results after ANN model in bubble point pressure prediction in previous section.  

The Mehran et al, Velarde et al and Al-Shammsi correlations are chosen for developing of 

ANN model based on correlations. Hemmati and Kharrat correlation is not selected because it 

uses Bob as an additional parameter for bubble point pressure estimation whereas other 

correlations do not use Bob. API, g, Rsb and T are inputs of selected correlations. 

Estimated values of Pb by Velarde et al, Al-Shammsi and Mehran et al correlations are 

transmitted to input neurons of a network for presenting of new estimation values. Similar to 

previous ANN, 127 data sets are selected randomly for learning of this new model.  

A two hidden layer model with three neurons in first hidden layer and six neurons in second 

ones obtained best performance. All of the hidden neurons use tan-sigmoid transfer function. 

Weights and biases of this model are presented in Table 4.4. 

Table 4.4. Weights and biases of correlation based model for bubble point pressure 

Bias       W (Weight) 

Bj 6 5 4 3 2 1 j\i 

First Hidden Layer 

1.6590  4.0634 -3.231 2.2753 1 

-3.3662 -5.2174 1.9736 0.5727 2 

-9.2246 -1.6275 0.873 5.9896 3 

Second Hidden Layer 

2.8944  -1.0111 1.3879 4.1381 1 

2.6239 2.2891 -1.5404 0.7739 2 

1.1319 -4.1489 -0.9382 2.2657 3 

3.5900 -23.238 -0.8269 6.4770 4 

0.0930 -1.8864 -6.2059 -8.5064 5 

2.9697 -1.8604 -1.673 0.6984 6 

Output Layer 

1.6401 2.9445 0.9299 -8.5193 3.0580 -0.2046 1.0696 1 
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Three selected correlations and ANN model are compared to each other by 30 data sets 

(verification data). The ANN model outperformed all selected correlations with highest 

correlation coefficients of 0.9930 and lowest average absolute relative error of 4.339%. The 

detailed results are shown in Table 4.5. 

Table 4.5.Statistical analyses of bubble point pressure correlations and correlations based ANN model 

R STD AARE  
(%) 

EMax  
(%) 

EMin  
(%) 

ARE  
(%) 

Method 

0.9735 5.336 7.086 24.86 0.387 -3.54 Velarde, Blasingame & McCain (1999) 

0.9587 9.860 11.52 31.56 0.021 9.58 Al-Shammasi (1999) 

0.9577 7.214 7.368 29.51 0.394 1.93 Mehran, Movagharnejad & Didanloo (2006)  

0.9930 3.400 4.339 14.17 0.243 -1.14 ANN model 

   

It is interesting to note that, ANN model significantly enhanced prediction ability of 

empirical correlations as can be seen in Table 4.4. Also this effect of ANN model is clearly 

reflected in Figure 4.2 which shows cross plots of selected correlations and ANN model. 

 

Figure 4.2. Cross plots of bubble point pressure correlations and ANN correlation based model 
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Figure 4.2 shows that some of plotted points are far from 45° line for empirical correlations 

whereas all of them are very closely to 45° line for the ANN model. 

4.1.1.3 Compositional Based Model 

This Pb model has 13 neurons in input layer. These neurons get H2S, N2, CO2, C1, C2+C3, 

C4+C5, C6+C7, C8+C9, C10+C11, C12+, specific gravity of C12+, MW of C12+ and T.  

The best predictor model is obtained after checking of various network based on 87 data sets 

as learning data. This model contains 3 neurons with tan-sigmoid transfer functions in a 

hidden layer. The adjusted weights and biases of this network are shown in Table 4.6. 

Table 4.6. Weights and biases of compositional based model for bubble point pressure 

  

 

 

 

 

 

 

In order to checking accuracy of network predictions, verification data consist of 15 data sets 

is used. The network attained to acceptable results in Pb prediction according to the statistical 

and graphical analyses. Table 4.7 shows results of network statistical analysis. 

Table 4.7. Statistical analyses of compositional based ANN model for bubble point pressure 

R STD AARE (%) Emax (%) Emin (%) ARE (%) Method 

0.9912 3.4735 3.261 10.41 0.1343 0.5603 ANN model 

 

Also, measured values versus estimated values of Pb are plotted as can be seen in Figure 4.3. 

This cross plot shows that only three points have remarkable deviation from the 45° line.  
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-0.6068 -0.6510 1.9110 -2.8531 1 

-1.1742 0.0345 -0.2584 2.8019 2 

-1.7931 0.4702 -2.3275 2.4354 3 

 -0.9810 -0.8361 -2.5969 4 

0.2051 -0.5763 -0.6541 5 

-0.9316 1.3535 -1.4472 6 

0.1254 -0.7033 0.0791 7 

0.0328 -0.6608 1.7843 8 

-0.2815 0.4780 0.0176 9 

-0.2270 -1.2609 1.2665 10 

-0.1713 0.1527 -0.3099 11 

-0.0010 0.1015 -0.1775 12 

0.2213 -0.4636 -0.5961 13 

-0.1549 -0.5733 -0.4526 4.6695 Bj Bias 
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Figure 4.3. Cross plots of compositional based ANN model for bubble point pressure 

4.1.2 Solution Gas Oil Ratio at Bubble Point Pressure Models 

4.1.2.1 Black Oil Based Model 

This model predicts Rsb by getting of Pb, API gravity, g and T. The learning data sets consist 

of 127 data sets which are selected from 157 data sets. The various models modulated 

weights and biases in during the learning process until the most precise results are obtained 

by one hidden layer model with 5 neurons. These neurons are activated by log-sigmoid 

functions. Weights and biases are shown in Table 4.8.  

Table 4.8. Weights and biases of black oil based model for Rsb 

Bias  W (Weight) 

Bj 5 4 3 2 1 j\i 

Hidden Layer 

-12.240  -4.0184 -12.181 -1.4327 2.9709 1 

0.24257 6.2923 -3.2292 -3.2785 -2.8078 2 

2.5278 0.0401 0.3261 0.8836 5.4658 3 

1.4849 -0.5860 -1.1094 -2.5105 -1.4955 4 

-3.6675 -4.4729 -4.1714 5.9918 -1.9786 5 

Output Layer 

2.3050 -0.2769 -2.9070 0.4596 -0.2330 0.2812 1 

  

The performance of ANN model are evaluated and compared to some of published 

correlations by 30 data sets. These data sets should contain Bob since some correlations use it 

for prediction of Rsb. These empirical correlations are Standing 
[4]

, Vazquez and Beggs 
[7]

, 
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Glaso 
[8]

, Al-Marhoun 
[9]

, Petrosky and Farshad 
[13]

, Dindoruk and Christman 
[21]

, Mehran et 

al 
[22]

, and Hemmati and Kharrat 
[23]

. Table 4.9 shows selected Rsb correlations.  

Table 4.9. Solution gas oil ratio at bubble point pressure correlations 

Author(s) Correlation 

Standing (1947) Rsb= ᵞg [(
Pb

18.2
+1.4)10

0.0125API -0.0091T
]

1.2048
 

 

 

 

Vazquez & Beggs (1980) 
 

Rsb= a1×Pb×a2×g×
a ×API3( )

T10  

API≤30→ a1=0.0362, a2=1.0937, a3= 11.172 

 

API≥30→ a1=0.0178, a2=1.1869, a3=10.393 

Glaso (1980) 
Rsb=ᵞg [

0.989

0.172

API

(T- 460)
( ) ×102.8869 - [14.1811 - 3.3093 log (p)]^0.5]1.2255 

Al-Marhoun (1988) Rsb= [185.843208g
1.877840

o
-3.143700

T
-1.326570

Pb]
1.398441

 

Petrosky & Farshad (1993) Rsb= [(
Pb

112 .727
+ 12.340) g

0.8439
10

K
]

1.73184
 

K= 0.0007916API
1.541

 - 0.00004561T
1.3911  

  

 
Dindoruk & Christman (2001) 

Rsb=[(0.297Pb+28.101)×g
1.579×10

K
]

0.9281
 

6 5.73 1.776

2.7 0.744 2

g b

(4.8610 API 0.0099T )
K

(44.25 2 P )









 

Mehran, Movagharnejad & Didanloo (2006) Rsb = 0.31786 Pb
 1.2445

g
1.6320

o
-4.2219

T
-0.4313

 

Hemmati & Kharrat (2007) Rsb=[(0.095Pb+8.6817)10
(0.0098o-0.0008T)

]
1/K×g 

K=1.5897-0.2735Bob -0.4429g +0.04692Bob
2 +0.144g

2 - 
0.1596

ϒg×Bob
 

 

 

The model estimated Rsb with correlation coefficient of 0.9938 and average absolute relative 

error of 4.117 % and obtained more accurate results than empirical correlations. Table 4.10 

shows the results of this comparison.   

Table 4.10. Statistical analyses of Rsb correlations and black oil based ANN model 

Correlation ARE  

(%) 

Emin 

(%) 

Emax 

(%) 

AARE  

(%) 

STD R 

Standing (1947) -9.877 0.179 39.81 12.766 10.50 0.9352 

Vazquez & beggs (1980) -10.841 0.1468 37.261 15.045 8.654 0.9231 

Glaso (1980) -23.647 5.296 42.04 23.647 9.785 0.9666 

Al-Marhoun (1988) 11.348 0.372 36.82 13.438 9.132 0.9669 

Petrosky&Farshad (1993) -11.932 0.350 29.16 12.826 7.619 0.9769 

Dindoruk & Christman (2001) -12.603 7.756 28.01 16.303 6.145 0.9555 

Mehran, Movagharnejad & Didanloo (2006) 0.106 0.146 23.94 8.859 6.816 0.9576 

Hemmati & Kharrat (2007) -0.015 1.462 19.92 8.945 5.105 0.9708 

ANN model -0.194 0.170 15.80 4.117 3.424 0.9938 
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The cross plots of ANN model and empirical correlations are shown in Figure 4.4. As can be 

seen in Figure 4.4, almost all of the correlations underestimated Rsb except Al-Marhoun and 

Mehran et al correlations. Also Figure 4.4 shows that accuracy of correlations is reduced for 

solution gas oil ratios greater than 1000 scf/STB.  

 

Figure 4.4. Cross plots of Rsb bubble point pressure correlations and ANN black oil based model 

4.1.2.2 Correlations Based Model 

According to the previous section, Hemmati and Kharrat, Mehran et al, Standing, and 

Petrosky and Farshad were more accurate than other correlations after ANN model in Rsb 

prediction. Like Pb correlation based model, Hemmati and Kharrat correlation is not selected 

for developing of Rsb correlation based model because it uses Bob as an additional parameter 

for Rsb estimation whereas other correlations do not use Bob.  
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127 data sets are used to produce ANN model based on correlations. These correlations use 

Pb, API, g and T as inputs and estimate Rsb, and then a network gets estimations of Standing, 

Petrosky and Farshad, and Mehran et al correlations by three neurons in input layer 

respectively and estimates Rsb.  

After learning process, a model with one hidden layer gives more accurate results than other 

networks. This hidden layer is formed from four neurons with tan-sigmoid transfer functions. 

The weights and biases of selected model are shown in Table 4.11. 

Table 4.11. Weights and biases of correlation based model for Rsb 

 

 

 

 

 

The new developed ANN model and selected correlations are compared to each other using 

30 data sets as verification data in statistical terms. The results of this comparison are shown 

in Table 4.12. The ANN model outperformed correlations as can be seen in Table 4.12. 

Table 4.12. Statistical analyses of Rsb correlations and correlations based ANN model 

R STD AARE 

 (%) 

Emax  

(%) 

Emin  

(%) 

ARE  

(%) 

Method 

0.9521 9.413 13.05 30.50 0.540 -8.696 Standing (1947) 

0.9736 6.039 9.534 26.19 0.992 -9.466 Petrosky & Farshad (1993) 

0.9465 6.333 7.079 24.20 0.234 2.756 Mehran, Movagharnejad & Didanloo (2006) 

0.9941 2.849 4.003 10.61 0.001 0.4254 ANN model 

  

In the other hands, cross plots of 30 measured and estimated Rsb for ANN model and selected 

correlations are presented in Figure 4.5. The cross plot of ANN model shows that Rsb is 

predicted with good accuracy for entire range of Rsb whereas model got sparse inputs 

especially for solution gas oil ratios greater than 1000 scf/STB as can be seen in other cross 

plots.   

 

 

Bias     W (Weight) 

Bj 4 3 2 1 j\i 

Hidden Layer 

-2.5650  -0.5435 -0.2264 -0.7112 1 

-4.9202 1.3841 25.0099 2.3028 2 

3.0049 13.8115 -32.6188 14.8270 3 

0.8949 -2.4950 5.4718 3.3617 4 

Output Layer 

-2.5946 0.1738 -0.3059 0.0979 -2.7578 1 
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Figure 4.5. Cross plots of Rsb correlations and ANN correlation based model 

4.1.2.3 Compositional Based Model 

This Rsb compositional model receives thirteen inputs same as Pb compositional based model 

inputs. The ANN model obtained after learning process of several networks with different 

architectures based on 87 data sets. This model consists of three tans-sigmoid neurons in one 

hidden layer. The adjusted weights and biases of presented model are shown in Table 4.13. 

The compositional ANN model is checked by 15 data sets. The model predicted Rsb with 

correlation coefficient of 0.9986 and average absolute relative error of 2.870%. The detailed 

results are shown in Table 4.14.  
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Table 4.13. Weights and biases of compositional based model for Rsb 

 

 

 

 

 

 

 

Table 4.14. Statistical analyses of compositional based ANN model for Rsb 

R STD AARE (%) Emax (%) Emin (%) ARE (%) Method 

0.9986 2.455 2.870 8.036 0.263 -1.492 ANN model 

  

Furthermore, the 15 measured and estimated values of solution gas oil ratio at bubble point 

pressure are plotted versus each other as shown in Figure 4.6. The plotted points are closely 

fitted the 45 line as can be seen in Figure 4.6. 

 

Figure 4.6. Cross plots of compositional based ANN model for Rsb 
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-0.0204 -2.8248 -0.3411 0.4990 1 

-1.5418 -4.1600 -0.0950 4.5544 2 

-0.0652 -0.7007 -0.1956 -4.3255 3 

 -9.3664 -1.6760 0.2285 4 

1.5805 -0.1447 0.6774 5 

1.2355 -0.4813 -5.7610 6 

-4.7922 -0.1375 0.7820 7 

-1.2119 -0.1724 0.8636 8 

0.9968 -0.1858 0.1884 9 

0.3135 -0.7324 -2.4451 10 

-1.0443 -0.1370 2.5540 11 

-0.7668 -0.0207 9.8319 12 

-3.3227 0.2529 -6.5097 13 

0.8883 -6.4408 0.3433 -2.0960 Bj Bias 
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4.1.3 Formation Volume Factor at Bubble Point Pressure Models 

4.1.3.1 Black Oil Based Model 

This Bob model uses inputs similar to Pb black oil model namely Rsb, API gravity, g and T. 

Learning process of this ANN model are performed by 95 data sets which are selected 

randomly from 115 extracted data sets.  

The best predictor model is obtained after checking of numerous models with different 

structures. This model is made from two hidden layers so that both of them have three 

neurons. All of hidden neurons are activated by tan-sigmoid functions. The connection 

weights and biases of input, hidden and output neurons are listed in Table 4.15.  

After learning of network, the proposed model is tested by separate data sets which are not 

used in learning process. The ANN model is checked using 20 data sets and compared to 

Standing 
[4]

, Vazquez and Beggs 
[7]

, Glaso 
[8]

, Al-Marhoun 
[9]

, Al-Marhoun 
[33]

, Petrosky and 

Farshad 
[13]

, Al-Shammasi 
[20]

, and Hemmati and Kharrat 
[23]

 correlations.  

As discussed in Chapter 2, first Al-Marhoun correlation is presented for Middle East and 

second correlation is presented for universal use. The selected oil formation volume factor 

correlations are listed in Table 4.16.  

Table 4.15. Weights and biases of black oil based model for Bob 

 W (Weight)  Bias 

j\i 1 2 3 4 Bj 

                 First Hidden Layer 

1 0.1368 1.0289 -2.6227 -2.79154 -1.9638 

2 0.3352 0.0754 0.3829 -0.60701 0.2941 

3 -2.1745 -0.4965 -0.6463 0.884791 -2.3512 

                Second Hidden Layer 

1 -1.6573 1.1127 -1.0072  2.1383 

2 -0.1517 2.4941 1.3661 0.7419 

3 0.3888 -1.9014 0.5679 2.6405 

                        Output Layer 

1 1.1810 -1.7795 -0.3505  -0.3675 
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Table 4.16. Oil formation volume factor at bubble point pressure correlations 

Author(s)  Correlation 

Standing (1947)  Bob=0.972+1.47× 10
-4

[Rs (
ᵞg

o
)

0.5
 +1.25T]

1.175
 

 

Vazquez & Beggs 

(1980) 

 

 

 

Bob=1+a1 Rs+(T-60)( 
API

ᵞg
)(a2+a3 Rs) 

API≤30→ a1=4.677×10
-4
, a2=1.751×10

-5
, a3= -1.8106×10

-8
 

API≥30 → a1=4.670×10
-4

, a2=1.100×10
-5
, a3=1.377×10

-9
 

Glaso (1980)  

 

Bob=1+10
(-6.58511 +2.91329log(K)-0.27683(log(K))2 

K= Rs (
ᵞg

o
)

0.526
+0.968T 

Al-Marhoun (1988)  

 

Bob=0.497069+8.62963×10-4(T+459.67)+1.82594×10-3K+3.18099×10-4K2 

K=Rs
 0.74239×ϒo

-1.20204× ᵞg0.323294
 

Al-Marhoun (1992)  Bob=1+1.77342×10
-4
Rs+2.20163×10

-4
 Rs (

ᵞg

o
) +4.29258×10

-6 
Rs(T- 

460)(1- o) +5.28707×10
-4

(T-460) 

 
Petrosky & Farshad 

(1993) 

 
 Bob=1.0113+7.2046×10

-5
(

0.3738 0.2914

sb g

0.6265

o

R ×γ

γ

+ 0.24626T
0.5371

)
3.0936

 

 

Al-Shammasi (1999)  Bob=1+5.53×10-7(T-60)+1.81×10-4(
Rs

o
)+4.49×10-4(

T−60

o
)+2.06×10-4(

Rs ᵞg

o
) 

Hemmati & Kharrat 

(2007) 

 

 

Bob=1+10
(-4.6862+1.5959logK -0.0566(logK)2

) 

K= Rsb (
ᵞg

o
)

0.5946
+1.7439T 

 

Results of the ANN model are compared with results of other Bob correlations. Statistical 

analysis demonstrated that ANN model is more accurate than empirical correlations so that 

ANN gives highest correlation coefficient of 0.9945 and lowest AARE of 1.203%. The 

detailed results are shown in Table 4.17. 

Table 4.17. Statistical analyses of Bob correlations and black oil based ANN model 

Correlation ARE 

(%) 

Emin 

(%) 

Emax 

(%) 

AARE 

(%) 

STD R  

Standing (1947) 0.992 0.228 7.230 2.167 1.815 0.9811 

Vazquez & Beggs (1980) -5.564 0.319 12.42 5.884 3.765 0.9360 

Glaso (1980) -1.472 0.213 7.003 2.735 1.884 0.9743 

Al-Marhoun (1988) -0.787 0.114 4.280 1.428 1.804 0.9868 

Al-Marhoun (1992) -5.588 0.131 15.58 5.588 4.660 0.9374 

Petrosky & Farshad (1993) -5.092 1.381 9.397 5.092 2.168 0.9898 

Al-Shammasi (1999) -0.089 0.146 4.067 1.322 1.083 0.9895 

Hemmati & Kharrat (2007) -0.7879 0.114 4.280 1.428 1.260 0.9886 

ANN model -0.510 0.099 3.104 1.203 0.855 0.9945 
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The cross plots for ANN model and correlations are shown in Figure 4.7. The cross plot for 

ANN model shows an almost perfect fit on the 45° line. Standing correlation shows positive 

deviation from the line, and Petrosky and Farshad correlation underestimates for almost over 

the entire range of values.  

4.1.3.2 Correlations Based Model 

Statistical analysis of former Bob model indicated that Al-Marhoun (Middle East use), Al-

Shammasi, and Hemmati and Kharrat correlations are more accurate than other correlations. 

Therefore these correlations are taken for producing of correlations based model.  

Three selected corrolations estimated formation volume factors corresponding to the 95 data 

sets, and then these estimated values are transmitted to a network as input to find a model for 

obtaining of more accurate estimations of Bob. 

An ANN model with two hidden layers attained to acceptable results in learning stages. Both 

hidden layers consist of three neurons which are activated with tan-sigmoid transfer 

functions. The weights and biases of this Bob model are shown in Table 4.18.  

For Bob, the ANN model is compared to correlations that model are developed based on them. 

The results of statistical analysis are shown in Table 4.19. Though ANN model is not very 

distinctive from correlations in the term of average absolute relative error but in general, the 

ANN model shows obviously better results than the rest. In terms of correlation coefficient, 

all the compared correlations have nearly values, close to 99%.  
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Figure 4.7. Cross plots of Bob bubble point pressure correlations and ANN black oil based model 

Table 4.18. Weights and biases of correlation based model for Bob 

Bias  W (Weight) 

Bj 3 2 1 j\i 

First Hidden Layer 

4.8367 3.8236 0.8823 -1.3880 1 

0.8109 0.5487 2.0300 -1.5166 2 

-3.0562 0.2660 2.0727 -4.1673 3 

Second Hidden Layer 

-5.1205 -1.5796 3.4867 2.4422 1 

-1.7826 2.6143 1.3884 1.1864 2 

0.7141 1.6355 -1.5890 3.3949 3 

Output Layer 

0.8760 0.3822 -1.9713 1.7017 1 

 

Cross plots for all the methods show a near perfect fit and are almost identical except Al-

Marhoun correlation as can be seen in Figure 4.8. However, it can be observed from Table 
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4.19 and Figure 4.8 that the accuracy of the Al-Shammasi, and Hemmati and Kharrat 

correlations is as good as to ANN model accuracy. It can be realized from statistical and 

graphical analysis of two former Bob model and empirical correlations formation volume 

factor at bubble point pressure is easy to modeling.  

Table 4.19. Statistical analyses of Bob correlations and correlations based ANN model  

R STD AARE 

 (%) 

Emax  

(%) 

Emin  

(%) 

ARE  

(%) 

Method 

0.9859 1.819 2.590 6.716 0.306 -2.450 Al-Marhoun (1988) 

0.9891 1.006 1.372 3.540 0.103 0.540 Al-Shammasi (1999) 

0.9870 1.141 1.333 4.280 0.160 -0.433 Hemmati & Kharrat (2007) 

0.9921 1.036 1.040 3.383 0.030 0.339 ANN model 

 

 

Figure 4.8. Cross plots of Bob correlations and ANN correlation based model 

4.1.3.3 Compositional Based Model 

This compositional ANN model receives thirteen identical inputs similar to two former 

compositional models. In order to learn network and obtain most appropriate model, 80 data 

sets are used.  
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The model with a pair of three neurons hidden layers attained to acceptable results in training, 

validation and testing stages. First and second hidden layers neurons utilize log-sigmoid and 

tan-sigmoid transfer functions respectively. The modified connection weights and biases of 

this model are shown in Table 4.20.  

Table 4.20. Weights and biases of compositional based model for Bob     

 

The remaining data sets (i.e. 14 data sets) are used to confirm performance of presented 

model by statistical and graphical techniques. As can be seen in Table 4.21, model gives 

satisfactory correlation coefficient of 0.9912 and average absolute relative error of 3.261%. 

Also Figure 4.9 shows cross plot ANN model, it shows that plotted points have suitable 

distance from the 45 line. 

Table 4.21. Statistical analyses of compositional based ANN model for Bob  

R STD AARE (%) Emax (%) Emin (%) ARE (%) Method 

0.9912 3.473 3.261 10.41 0.1343 0.5603 ANN model 
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-0.9850 

 

-3.3479 

 

-2.2118 

 

3.6993 

 

0.6965 

 

0.1562 0.5689 1 

-1.4010 

 

-2.8839 

 

0.41953 

 

-1.1272 

 

0.7437 

 

1.1428 

 

-0.1134 

 

2 

0.4637 

 

-0.7314 

 

-2.2869 

 

1.7877 1.0194 

 

1.4433 

 

1.5727 

 

3 

  0.8620 

 

-1.2985 

 

0.0850 

 

4 

0.3386 

 

0.6343 

 

-0.0534 

 

5 

1.5402 

 

1.7811 

 

0.7554 

 

6 

0.0618 

 

1.3749 -2.0085 

 

7 

0.1960 1.2035 -2.0953 

 

8 

-0.7288 

 

-1.4126 

 

-1.2645 

 

9 

-0.9862 

 

-2.0610 

 

1.4911 

 

10 

0.9702 

 

-1.0835 

 

1.2449 

 

11 

-0.6580 

 

0.1775 

 

0.0901 

 

12 

-0.5344 

 

-0.8365 

 

-0.1260 

 

13 

-0.4550 

 

0.7484 

 

2.1903 

 

-3.9041 2.6517 

 

0.6929 

 

-3.4299 Bj Bias 
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Figure 4.9. Cross plots of compositional based ANN model for Bob 

4.1.4 Oil Viscosity Models 

4.1.4.1 Black Oil Based Model 

The preceding black oil models contain four neurons in input layer but, this model has five 

neurons in input layer. These neurons receive P, Rsb, API, g and T respectively.  

A single ANN model is presented for prediction of µob and µo while researcher presented 

separately correlations for µob and µo. For making the predictor model, 357 data sets are used 

so that used data contains 47 data sets for µob and 310 data sets for µo. This network is able to 

predict both types of viscosity namely network gets Pb instead of P when output of network is 

µob. This viscosity predictor model has two hidden layers with 6 neurons in each of them. The 

hidden layer neurons apply tan-sigmoid functions as transfer functions. Table 4.22 shows 

modified weights and biases of network which are obtained after network learning.       

For checking performance of ANN model, verification data is used which consists of 13 data 

sets for µob and 77 data sets for µo. Also ANN model is compared to µob and µo correlations 

by aforementioned data sets.  

For µob, the ANN model is compared with empirical correlations developed by Chew and 

Connally 
[37]

, Beggs and Robinson 
[39]

, Labedi 
[40]

, Kartoatmodjo and Schmidt 
[41]

, 

Elsharkawy and Alikhan 
[45]

, Dindoruk and Christman 
[28]

, Elsharkawy and Gharbi 
[60]

, and 

Naseri et al 
[47]

. Oil viscosity at bubble point pressure correlations are listed in Table 4.23. 
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Table 4.22. Weights and biases of black oil based model for oil viscosity  

W (Weight) Bias 

j\i 1 2 3 4 5 6 Bj 

First Hidden Layer 

1 -0.6388 0.7018 -4.0699 2.4617 0.2525  -3.1299 

2 -1.8007 -1.0424 -2.6778 -0.5749 0.0277 -1.8568 

3 3.7799 2.6020 -1.2986 1.9565 -1.8100 -0.7424 

4 1.5511 1.4936 -1.3492 1.3046 -0.2381 0.9201 

5 -5.2332 3.3737 1.2668 4.3293 -0.0084 -3.8682 

6 -0.4563 -2.0946 1.3187 -4.1241 -0.0743 -4.1310 

Second Hidden Layer 

1 0.6559 -1.0222 1.1740 -0.2663 2.4271 0.5992 -1.7201 

2 2.3030 -1.3185 1.3364 0.2769 -2.0249 -0.8918 -1.3020 

3 0.0380 -2.6212 -1.0468 0.3615 1.3642 2.6710 -0.9949 

4 1.6944 -6.0626 1.3127 0.9546 -5.4086 -2.1801 2.9346 

5 -1.0900 -1.2400 -0.3890 1.2747 2.4825 1.4255 -1.3692 

6 1.1803 0.1861 1.4352 -1.0929 0.5901 -3.1534 1.8923 

Output Layer 

1 -1.3058 -0.0898 1.4522 -1.9722 -1.1083 1.9622 -1.8321 

 

Table 4.23. Saturated oil viscosity correlations 

Author(s)  Correlation 

Chew and Connally (1959)  μob=K1μod
K2

 

K1=0.2+(0.8/10
0.00081Rs

), K2=0.43+(0.57/10
0.00072Rs

) 

 

Beggs & Robinson (1975) 

 μob=K1μod
K2

 

K1=
 

0.515

sb

10.715

R 100
, K2=

 
0.338

5.44

Rs 150
 

 

Labedi (1982) 

 
μob=

(2.344-0.03542API) 0.6447

od

0.426

b

(10  μ )

P
 

Kartoatmodjo & Schmidt 
(1991) 

 μob=-0.06821+0.9824K+0.0004034K
2
 

K=(0.2001+0.8428×10
-0.000845Rsb

)× 
(-0.0081Rsb)(0.43+0.5165 10 )×

odμ   

Elsharkawy & Alikhan (1999)  μob=K1μod
K2

 
K1=1241.932(Rs+641.026)-1.1241, K2=1768.841(RS+1180.335)-1.06622 

 

 

 
Dindoruk & Christman (2001) 

 

 

μob=K1 μod
K2

 

K1=

0.6600358

sb

sb sb0.0004740729R 0.0000107508R

0.01023451R1
-

e e
 

K2= 

0.4233179

sb

sb sb(-0.00002191172R ) (-0.0002273945R )

0.01660981R1
-

e e
 

Elsharkawy & Gharbi (2001)  μob=10
0.82604×Pb

-0.38678
 ×μod

0.79903
 

Naseri, Nikazar & Mousavi 
Dehghani (2005) 

 μob=10
1.1145×Pb

-0.4956
 ×μod

0.9961
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ANN model and all correlations except Dindoruk and Christman obtained correlation 

coefficients of higher than 0.98. Naseri et al correlation outperformed ANN model and other 

correlations in term of correlation coefficient however difference between correlation 

coefficient of ANN model and Naseri et al correlation is negligible.  

In term of average absolute relative error, ANN model outperformed all the correlations. It 

predicts µob with AARE of 7.564%. After ANN model, Naseri et al correlation gives lowest 

AARE of 8.058%. The detailed results are shown in Table 4.24.  

Table 4.24. Statistical analyses of µob correlations and black oil based ANN model    

Method ARE  

(%) 

Emin 

(%) 

Emax 

(%) 

AARE  

(%) 

STD R  

Chew and Connally (1959) 0.9593 0.844 24.31 11.690 7.958 0.9885 

Beggs and Robinson (1975) -1.076 2.557 21.25 10.084 5.648 0.9872 

Labedi (1982) 8.138 0.463 29.21 12.676 9.307 0.9887 

Kartoatmodjo and Schmidt (1991) 8.956 1.083 34.64 11.254 8.326 0.9920 

Elsharkawy and Alikhan (1999) -5.227 0.142 21.41 10.385 7.451 0.9804 

Dindoruk and Christman (2001) -1.220 1.410 29.09 12.803 8.675 0.9694 

Elsharkawy and Gharbi (2001) 1.194 2.352 20.68 9.427 6.615 0.9853 

Naseri, Nikazar and Mousavi Dehghani (2005) 0.091 1.587 22.58 8.058 6.212 0.9949 

ANN model 2.028 1.137 15.23 7.564 4.528 0.9930 

 

Figure 4.10 shows cross plots of correlations and ANN model. It is obvious that all methods 

have good accuracy and plotted points fitted the 45 line except a small number of points for 

any method.  

For µo, the ANN model is compared with empirical correlations developed by Beal 
[36]

, 

Labedi 
[40]

, Vazquez and Beggs 
[7]

, Khan et al 
[41]

, Kartoatmodjo and Schmidt 
[10]

, Dindoruk 

and Christman 
[28]

, Elsharkawy and Gharbi 
[60]

, and Naseri et al 
[47]

 correlations.  

It should be note that majority of correlations use µob, Pb and P for estimation of µo. Table 

4.25 shows list of these correlations. 

ANN model and all correlations have correlation coefficients of higher than 0.99. In general, 

the ANN model is more accurate than correlation. It gives lowest AARE of 2.661%. Results 

of statistical analysis are shown in Table 4.26. As can be seen, almost all correlations have 

acceptable performance on prediction of oil viscosity above bubble point pressure.  
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Like estimation of µob, Naseri et al correlations obtained results near to ANN model for µo. 

The rational reason behind the excellent performance of Naseri et al correlation is the fact 

that aforementioned correlation is developed for Iranian crudes. 

 

Figure 4.10. Cross plots of µob correlations and ANN black oil based model 

Cross plots of ANN model and correlations are shown in Figure 4.11. It can be seen that 

plotted points of all correlations and ANN model is close to the 45 line for entire range of 

viscosity.  

Also, it is obvious that all the plotted points for ANN model are very close to the 45 line 

whereas some of points for empirical correlation are partly separate from the 45 line. 
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Table 4.25. Undersaturated oil viscosity correlations 

Author(s) Correlation 

Beal (1946) μo=μob+[0.001(P-Pb)×(0.024μob
1.6

+0.038μob
0.56

)] 

 
Vazquez and Beggs (1976) μo= μob×

b

(-11.513-0.00008.98P)1.187[2.6P e ]

P

P


 

Labedi (1982) 
μo= μob+

0.9036 0.6151

od b

(2.488+0.01976API)

b

μ P P
( )(1- )
10 P

 

Khan, Al-Marhoun, Duffuaa & 

Abu-Khamsin (1987) 
μo= μob exp[9.6×10

-5
(P-Pb)] 

Kartoatmodjo and Schmidt 

(1991) 

μo= 1.00081μob+0.001127(P-Pb)×(-0.006517×μob
1.8148+0.038×μob

1.59) 

Dindoruk and Christman 

(2001) 

μo= μob+K(P-Pb) 

K= -5.612×10
-5
+9.481×10

-5
 μod – 1.459×10

-5
 μod

2
 + 8.1×10

-7
 μod

-3
 

 

Elsharkawy and Gharbi (2001) 

 

μo= μob+6.334×10
-5

(P-Pb)10
K
 

K=0.776644115+0.987658646log(μob)-

0.1905646log(Rsb)+9.147711×10
-3

 μoblog(Rsb) –1.9111×10
-5

(P-Pb) 

Naseri, Nikazar and Mousavi 

Dehghani (2005) 

μo= μob+K(P-Pb) 

K= 1.5029×10
-5

+1.602×10
-5

 μod+1.7369 μod
2
 -4.2347×10

-6
 μod

-3
 

 

Table 4.26. Statistical analyses of µo correlations and black oil based ANN model      

Method ARE  

(%) 

Emin 

(%) 

Emax 

(%) 

AARE  

(%) 

STD R  

Beal (1946) -1.269 3.126 71.36 3.126 8.943 0.9928 

Vazquez & Beggs (1976) 3.532 0.000 48.61 5.714 10.05 0.9954 

Labedi (1982) 3.881 0.071 63.77 7.033 9.725 0.9949 

Khan, Al-Marhoun, Duffuaa & Abu-Khamsin 

(1987) 

1.724 0.064 55.74 4.092 7.684 0.9970 

Kartoatmodjo & Schmidt (1991) -2.403 0.036 32.47 3.711 5.058 0.9968 

Dindoruk & Christman (2001) 1.681 0.072 65.88 4.289 8.310 0.9961 

Elsharkawy & Gharbi (2001) 2.356 0.025 27.65 5.186 6.940 0.9905 

Naseri, Nikazar & Mousavi Dehghani (2005) 0.531 0.061 29.63 3.237 4.001 0.9985 

ANN model -0.206 0.024 15.78 2.661 3.119 0.9998 

 

4.1.4.2 Correlations Based Model 

The µo correlations are only selected for developing of correlations based model since total of 

extracted data sets for µob is not enough for producing of genuine µob model. The total 

number of data sets for µob is 60 while it is 387 for µo.  

It can be found from statistical results of µo correlation that Beal, Kartoatmodjo and Schmidt, 

and Naseri et al are more accurate than other correlations, hence these correlation are used to 
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create correlations based model using 312 data sets which are randomly selected from 387 

data sets. 

 
Figure 4.11. Cross plots of µo correlations and ANN black oil based model  

Subsequent to learning process, a one hidden layer model with five neurons is obtained as 

most appropriate model for estimation of oil viscosity above bubble point pressure.  Hidden 

layer neurons are activated by tan-sigmoid transfer functions. Adapted connection weights 

and biases of presented model are listed in Table 4.27. 

The ANN model is compared to correlations by the remaining data sets (i.e. 75 data sets). 

ANN model gave lowest AARE of 2.568% and highest correlation coefficient of 0.9985 

although correlation coefficients of empirical correlations are higher than 0.99. Completed 

results are shown in Table 4.28.  
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Table 4.27. Weights and biases of correlation based model for undersaturated oil viscosity  

Bias W (Weight) 

Bj 5 4 3 2 1 i/j 

Hidden Layer 

3.0663  0.6061 1.3048 -4.2964 1 

-2.1731 2.0573 0.1329 -1.6494 2 

0.5161 0.1730 -1.0759 1.6921 3 

0.0761 0.2060 1.2295 -0.9532 4 

-3.0953 2.1310 -0.7143 -0.1202 5 

Output Layer 

0.2839 -0.4647 0.8235 0.7138 0.2996 -0.9423 1 

 

Table 4.28. Statistical analyses of µo correlations and correlations based ANN model  

Method ARE 
 (%) 

Emin 
(%) 

Emax 
(%) 

AARE 
 (%) 

STD R 

Beal (1946) -0.5656 0.005 21.161 2.843 4.610 0.9956 

Kartoatmodjo & Schmidt (1991) 1.528 0.0483 21.154 3.761 4.681 0.9905 

Naseri, Nikazar &Mousavi Dehghani (2005) 2.246 0.0148 27.033 4.528 5.308 0.9903 

ANN model -0.3399 0.0428 15.203 2.568 3.463 0.9985 

 

Also, cross plots of model and correlation are presented in Figure 4.12.  

 

Figure 4.12. Cross plots of Bob correlations and ANN correlation based model 



69 
 

It obvious from cross plots that all the methods have good performance, but it is interesting to 

note that the predicted values from the empirical correlations is very accurate for viscosities 

lower than 5 cp while these correlations are not suitable for accurate prediction at values 

higher than 5 cp. Deviation of plotted points from the 45° line is distinguishable at higher 

values of viscosity but ANN model predicted accurate values in entire range of viscosity as 

can be seen in Figure 4.12.  

4.1.4.3 Compositional Based Model 

Compositional based model is only presented for µo because there are not enough data to 

present a model for µob. The former compositional models have 13 neurons in input layer 

which get H2S, N2, CO2, C1, C2+C3, C4+C5, C6+C7, C8+C9, C10+C11, C12+, specific gravity of 

C12+, MW of C12+ and T. The current model has 14 neurons in input layer namely it gets 

reservoir pressure as an additional input.  

After learning of several models by 300 data sets, a one hidden layer model with three tan-

sigmoid neurons is determined as most accurate model for µo estimation based on oil 

composition. Table 4.29 shows weights and biases of this model. 

In order to ensure that presented viscosity compositional model has fair performance, it is 

checked using 75 data sets. The ANN model gets correlation coefficients of 0.9994 and 

AARE of 2.336%. The rest of statistical terms can be seen in Table 4.30.  

Table 4.29. Weights and biases of compositional based model for µo 
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3 2 1 
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i/j 

W
 (

W
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1.9727 1.1245 0.6479 -0.0819 1 

-2.2270 1.0013 0.3915 -0.3936 2 

1.9115 -0.1231 -1.3604 -1.3962 3 

 0.3355 1.1545 -0.3997 4 

1.4779 0.4536 -1.0903 5 

-0.8958 -0.1847 0.2475 6 

-0.7967 -0.2566 0.4621 7 

-1.6283 -0.6373 0.6990 8 

-0.8539 0.0641 0.3061 9 

-0.1885 -0.4553 0.9333 10 

0.3940 -0.3475 -0.5030 11 

1.9961 -0.6131 -1.0592 12 

1.1190 0.7339 -1.8460 13 

-0.0732 -0.1323 0.1189 14 

1.3865 3.0447 1.6071 -2.8029 Bj Bias 
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Table 4.30. Statistical analyses of compositional based ANN model for µo   

R STD AARE (%) Emax (%) Emin (%) ARE (%) Method 

0.9994 3.3732 2.336 16.276 0.0263 0.0282 ANN model 

  

Figure 4.13 shows cross validation plot of 75 measured and estimated µo, almost all the 

points are laid on the 45° line. 

 

Figure 4.13. Cross plots of compositional based ANN model for µo 

4.2 Summary of Results 

Black oil, correlations and compositional based ANN models have been presented for Pb, Rsb, 

Bob and µo. These models are developed and checked by different data sets. Any network gets 

some inputs and predicted desired PVT property by a specific architecture and transfer 

functions.  

Table 4.31 shows inputs, architecture and transfer functions of presented ANN models. In 

Table 4.31, log, tan and pure refer to log-sigmoid, tan-sigmoid and pure linear functions. All 

of the output layers use pure linear function as can be seen in Table 4.31.  

Table 4.31 shows that there are only three networks among the developed model (i.e. 12 

models) which use log-sigmoid transfer functions and tan-sigmoid transfer functions have 

been used in all of the predictor ANN models except of black oil based model for solution 

gas oil ratio.  

Also, all correlations based models used one of the Iranian correlations as can be seen in 

Table 4.31. The compositional based models of Pb, Rsb, and µo have similar structures and 
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transfer functions so that these models consist of one hidden layer with three neurons which 

are activated with tan-sigmoid transfer functions. 

Table 4.31. Characteristics of presented PVT models 

PVT 

property 

Type  

of model 

Inputs Network 

architecture 

Transfer 

functions 

 

Pb 

(psia) 

Black oil Rsb, API, g &T 4-6-3-1 log-tan-pure 

Correlations Velarde, Al-Shammasi & Mehran 3-3-6-1 tan-tan-pure 

Compositional C1-C11, C12+, Sp.gr of C12+, MW of 

C12+ & T 

13-3-1 tan-pure 

 

Rsb 

(scf/STB) 

Black oil Pb, API, g & T 4-5-1 log-pure 

Correlations Standing, Petrosky & Farshad, and 

Mehran 

3-4-1 tan-pure 

Compositional C1-C11, C12+, Sp.gr of C12+, MW of 

C12+ & T 

13-3-1 tan-pure 

 

Bob 

(bbl/STB) 

Black oil Rsb, API, g & T 4-3-3-1 tan-tan-pure 

Correlations Al-Marhoun, Al-Shammasi & 

Hemmati  and Kharrat 

3-3-3-1 tan-tan-pure 

Compositional C1-C11, C12+, Sp.gr of C12+, MW of 

C12+ & T 

13-3-3-1 log-tan-pure 

 

 

µ (cp) 

Black oil P, Rsb, API, g & T 5-6-6-1 tan-tan-pure 

Correlations Beal, Kartoatmodjo and Schmidt, 

& Naseri 

3-5-1 tan-pure 

Compositional C1-C11, C12+, Sp.gr of C12+, MW of 

C12+ & T 

14-3-1 tan-pure 

 

As before mentioned, Developed ANN models have been checked after learning process by 

verification data. The numbers of learning and verification data sets for each ANN model are 

shown in Table 4.32.  

Also, average absolute relative errors and correlation coefficients of ANN models are 

presented in Table 4.32. These values are obtained after checking of models by verification 

data. As can be seen in Table 4.32, all of the presented models gave correlation coefficients 

of higher than 0.99. 
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Table 4.32. Number of used data in development of ANN models and summary of statistical results 

PVT 

 property 

Type of 

 model 

No. of 

 Learning 

 data set 

No. of  

Verification 

 data set 

AARE 

 (%) 

R 

 

Pb  

Black oil 127 30 3.747 0.9926 

Correlations 127 30 4.339 0.9930 

Compositional 87 15 3.261 0.9912 

 

Rsb  

Black oil 127 30 4.117 0.9938 

Correlations 127 30 4.003 0.9941 

Compositional 87 15 2.870 0.9986 

 

Bob  

Black oil 95 20 1.203 0.9945 

Correlations 95 20 1.040 0.9921 

Compositional 80 14 3.261 0.9912 

 

µo  

Black oil 357 90 7.564 0.9930 

Correlations 312 75 2.568 0.9983 

Compositional 300 75 2.336 0.9994 
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Chapter 5 

Conclusions and Recommendations 

5.1 Conclusions 

The ANN models have been presented for PVT properties predictions of Iranian crude oils. 

These PVT properties consist of bubble point pressure, solution gas oil ratio at bubble point 

pressure, oil formation volume factor at bubble point pressure and oil viscosity at and above 

bubble point pressure. For each of PVT properties, three types of ANN model have been 

developed including black oil, correlations and compositional based models. 

All of the presented black oil based models predicted desired PVT properties with acceptable 

accuracy. These models are generally more accurate than empirical correlations. However 

correlations have comparable performance with ANN models in some occasions.   

The black oil based models surpassed all empirical correlations in terms of correlations 

coefficient and average absolute relative error except Naseri et al correlation in oil viscosity 

at bubble point pressure prediction. This correlation outperformed ANN model in term of 

correlations coefficient with negligible difference. It can be concluded that saturated oil 

viscosity is simplest for modeling because all correlations have appropriate performance in 

prediction of this property.  

Al-Shammasi, Mehran et al, and Hemmati and Kharrat correlations are more accurate than 

other correlations in bubble point pressure estimation.  For solution gas oil ratio at bubble 

point pressure, Standing, Petrosky and Farshad, and Mehran et al correlations obtained most 

accurate results. Al-Marhoun, Al-Shammasi, and Hemmati and Kharrat correlations have 

suitable performance in prediction of oil formation volume factor at bubble point pressure. 

Also Beggs and Robinson, Elsharkawy and Gharbi, and Naseri et al correlations predicted 

saturated oil viscosity with highest accuracy after ANN model. In the other hand, Beal, 

Kartoatmodjo and Schmidt, and Naseri et al correlations are the best for undersaturated 

viscosity prediction. This is inevitable that Iranian correlations are more accurate than other 

correlations because these correlations are developed based on collected samples from 

Iranian crudes.  
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The neural network model can make better exactness of predictions by combination of 

correlations outputs as it is occurred in correlations based models. These models are 

developed based on three of highest accurate correlations. All of the correlations based 

models are more precise than selected correlations that models are formed based on them. 

It can be concluded from cross validation plots that correlations are not reliable in estimation 

of sightly PVT property when large values have been assigned to this property but the 

correlations based models are able to predict PVT properties with acceptable accuracy in 

entire range of desired property. 

The compositional based models are formed based on molecular components of reservoir 

fluid and temperature. Compositional based models are capable to find relation between PVT 

properties and components of reservoir fluid because these properties are emanated from 

molecular components of reservoir fluid. 

Performance evaluation of developed compositional models for Iranian crudes indicated that 

presented models are reliable and efficient in prediction of PVT properties. All of These 

models predicted PVT properties with high correlation coefficients and low average absolute 

relative errors.  

5.2 Recommendations 

ANN models are very useful for prediction of PVT properties and can predict desired 

property with high accuracy. These PVT models are more efficient than conventional 

correlations. Therefore models have priority to empirical correlations in estimations of PVT 

properties and using of ANN models is recommended. 

The ANN models have ability to learn and memorize relations between various physical 

properties of crude oils therefore; if PVT models are developed based on large data bank of a 

particular geographical region, prediction ability of these models are improved. Hence using 

of large data bank is suggested for creating of new ANN models. 

Using of Iranian correlations is suggested after ANN models. Further of empirical 

correlations are not always convenient because these correlations are developed based on 

PVT data of specific territory; hence Iranian correlations are more convenient than other 

correlations. 
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Also Al-Shammasi worldwide correlations are more convenient than other worldwide 

correlations in prediction of bubble point pressure and oil formation volume factor. Therefore 

using of these correlations is recommended after Iranian correlations. In the other hand, 

Kartoatmodjo and Schmidt worldwide correlation is offered for oil viscosity prediction. For 

prediction of solution gas oil ratio, Petrosky and Farshad correlation is advised after Iranian 

correlations. 

The compositional based models have high performance in prediction of ordinary PVT 

properties. Using of this type of ANN model is recommended for PVT properties prediction 

or results confirmation of usual laboratory tests. 

Using of ANN models is recommended for prediction of other PVT properties. In situation 

where there are limited PVT data, Bayesian regulation training function is recommended. For 

neural network models with high dimensionality input data, Principal Component Analysis 

(PCA) is suggested. 
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