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a b s t r a c t

Reservoir simulation is known as perhaps the most widely used, accurate, and reliable method for field
development in the petroleum industry. An integral part of a reliable reservoir simulation process is to
consider robust and rigorous tuned EOS models. Traditionally, EOS models are tuned iteratively through
arduous workflows against experimental PVT data. However, this comes with a number of drawbacks
such as forcingly using weight factors, which upon alteration adversely affects the optimization process.
The objective of the current work is thus to introduce an auto-tune PVT matching tool using NSGA-II
multi-objective optimization. In order to illustrate the robustness of the presented technique, three
different PVT samples are used, including two black-oil and one gas condensate sample. We utilize Peng-
Robinson EOS during all the manual and auto-tuning processes. Comparison of auto-tuned EOS-gener-
ated results with those of experimental and computed statistical error values for these samples clearly
show that the proposed method is robust. In addition, the proposed method, contrary to the manual
matching process, provides the engineer with several matched solutions, which allows them to select a
match based on the engineering background to be best amenable to the problem at hand. In addition, the
proposed technique is fast, and can output several solutions within less time compared to the traditional
manual matching method.

© 2023 Southwest Petroleum University. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The process of reservoir fluid characterization is of paramount
importance to production processes, designing facilities, and opti-
mization [1,2]. The constituents of reservoir fluids encompass
myriad natural hydrocarbon and non-hydrocarbon substances,
with hydrocarbon molecules ranging from simple methane to
molecules that might possess a hundred carbon atoms. Hydrocar-
bon reservoir fluids are inherently complicated from the standpoint
of chemistry science. In addition, precise prediction of parameters

such as oil-in-place and oil recovery with time is a major topic of
concern to national oil companies worldwide. Inaccurate and un-
reliable fluid characterization along with unintentionally large
magnitude of uncertainties adversely affect the estimation of such
parameters. Moreover, experimental-based techniques are both
expensive, and time-consuming. The reservoir engineers are,
therefore, encouraged to utilize robust modeling techniques such
as equation of state (EOS) for the purpose of prediction of hydro-
carbon fluid phase behavior [3,4].

Despite the fact that underground naturally-occurring hydro-
carbon fluids are characteristically complex, the literature sub-
stantiates that equation of states are rigorously capable of modeling
phase behavior for such complex fluids. Equations of state have
been used to model fluid and predict the thermodynamic state of
the system which encompass fluid models in production engi-
neering to highly complex models used in compositional reservoir
simulation, enhanced oil recovery (EOR) processes such as miscible
gas injection and chemical/thermal EOR methods [5e7]. Various
EOSs have been proposed by many researchers [8], and the
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development dates back to 1949 when Redlich and Kwong (RK) [9]
designed a two-parameter cubic EOS. Since then, several re-
searchers attempted to enhance the initial RK EOS form. Aside from
RK based equation of states, two other prominent cubic EOSs
include Soave-Redlich-Kwong (SRK) [10] and Peng-Robinson (PR)
[11]. It is worthwhile mentioning that in spite of reportedly existing
several modified forms of RK EOS in the open literature, only SRK
and PR are widely used and accepted for hydrocarbon systems and
their mixtures.

In order to attain a sensible match between EOS model results
and experimental data, trial-and-error manual adjustments to EOS
parameters are customary in the petroleum industry, and the
regression variables are essentially a desired number of EOS pa-
rameters in this regard [12]. For this purpose, disparate regression
variables have been proposed by researchers, using which one can
manually tune an EOS [13e17]. Coats and Smart [18] put forth
heavy fractions-methane binary interaction coefficients, and
omega A and B of methane/heavy fractions as tuning parameters.
Christensen [19] asserted a three-parameter tuning approach
which includes volume translation factor as well as the most two
sensitive factors amongst Tc, Pc, and Omega for C7þ. Whitson and
Brule [20] enlarged Coats and Smart's tuning factors to possess
molecular weight (Mw) and volume correction factor (Ci). Selection
of nitrogen and carbon dioxide omega parameters, and C7þ prop-
erties such as molecular weight, critical pressure, and temperature
as adjustable variables have also been proclaimed in the literature
[8].

The calibration process of an EOS is generally an arduous task, and
largely depends on the expert's experience. In fact, there exist a
myriad of available regression parameters to choose from for the EOS
tuning process, and one cannot certainly determine which sets of
regression parameters are the most sensible to select. Favorable
match results are routinely achieved through tedious iterative
workflows, and various engineers face different outcomes since no
certain robust method of selecting an equation of state, types and
numberof tuning parameters are found in the literature. To overcome
these difficulties, search-based evolutionary algorithms have been
proposed. For instance, TaghizadehSarvestani et al. [13] put forward a
novel technique based on genetic algorithm (GA) to obtain the most
suitable regression variables to match the EOS model with experi-
mental data. Zarifi and Daryasafar [8] proposed a precise and simple
generalized auto-tune methodology based on Monte-Carlo and ge-
netic algorithmtofind thebestmatchbetween the experimental data
and EOS. However, the proposed techniques suffer from three major
deficiencies: (1) each regression parameter should be assigned a
weight factor, which upon alteration adversely affects the optimiza-
tion process; (2) the number of data points measured in a particular
PVT (pressure-volume-temperature) experiment impacts the objec-
tive function and tuning process; and (3) the tuning process only
leads to one converged tuned EOS and, thus, cannot represent the
optimized match of simultaneous PVT properties.

The main objective of the current study is therefore to introduce
a methodology immune from the aforementioned issues. In this
study, hence, a multi-objective optimization methodology is
applied to auto-tune EOS based on non-dominated sorting genetic
algorithm (NSGA-II). Multi-objective optimization techniquesmake
it possible to obtain a series of tuned EOS, each of which having
advantages over the others, and engineers can select the most
suitable tuned EOS tomeet their requirements. The reliability of the
aforementioned methodology is implied using three fluid samples
(two black-oil and one gas condensate sample) that are different in

PVT properties. Notice that we will use PR EOS during all the
manual and auto-tuning processes.

2. Background

2.1. Genetic algorithm (GA)

Genetic algorithms (GA) are stochastically search-based tech-
niques focusing on natural selection mechanisms generally
observed in biological genetics [21]. A preliminary set of random
solutions embodied as “solution population” fulfilling problem
constraints is utilized to commence GA [22]. During the progress,
the obtained solutions are firstly ranked according to their perfor-
mance with regard to objective function(s). Then, top ranked so-
lutions are become subject to a subsequent number of genetic
processes such as cross-over, and mutation to generate new solu-
tions, followed by determination of best solutions. This iterative
process is repeated while maintaining the best solutions of the
foregoing generations. The ranking process of solutions are carried
out using their individual fitness scores in a specific generation, and
the best solutions are subsequently spirited away to next genera-
tion. It is reported that GAmay converge to an optimum solution for
some problems, though for others, it is less likely for GA to find all
solutions which means that several isolated minima in the solution
space might be missed out; in this situation, a number of highest
performing solutions are selected when no enhanced solution is
found during a period of runtime.

Several researchers have devoted their energy to shed light on
solving engineering problems through GA [23e27]. Romero and
Carter (2001) [28] made use of GA for the purpose of reservoir
characterization. Velez-Lang (2005) [29] introduced several re-
searches encompassing the deployment of GA in well log analysis,
seismology, reservoir flow simulation, and hydraulic fracturing
design. Zarifi et al. (2018) [8] made use of GA for the objective of
auto-tuning black oil and gas condensate fluid samples.

2.2. Multi-objective optimization

Vector optimization, multi-criteria optimization or multi-
objective optimization are all similar terms referring to tech-
niques associated with obtaining decision variable vectors that
honor the given constraints and objective functions [30,31]. In such
problems, many cost functions or objectives (a vector of objectives)
ought to be either maximized or minimized concurrently. There
usually exists a contradictory behavior among these objectives in
such away that enhancing eachmight aggravate another. Hence, no
single optimum solution can usually be found that would serve all
objective functions in the best way simultaneously. Instead, a set of
optimal solutions known as Pareto optimal solutions or simply
“Pareto front” is prevalent in multi-objective optimization prob-
lems [32e36]. Pareto solutions refer to kind of solutions which are
non-dominated to each other, while being superior to other solu-
tions in the search space. Therefore, no likely single solution is
found to be preferable over all other solutions regarding all ob-
jectives. Any change in the vector of design variables will exacer-
bate one objective at least [37]. Because of their naturally suited
properties such as parallel or population-based search nature,
evolutionary algorithms are vastly utilized for multi-objective
optimization. In this regard, most defects prevalent in classical
techniques are eradicated when dealing with solving multi-
objective optimization problems. As an example, it is not required
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for performing several runs to unearth Pareto front or quantify the
significance of each objective with the aid of numerical weights.

2.3. Non-dominated sorted genetic algorithm II (NSGA-II)

The NSGA-II is a multi-objective, elitist, and fast GA which has
been interestingly used in several engineering optimization prob-
lems, has received attention in myriad disciplines. NSGA-II is
considered the most renowned multi-objective algorithm from the
so-far developed evolutionary algorithms. This algorithm utilizes
the GA operators as well as two population-sorting criteria:
crowding distance and non-dominance [38,39]. NSGA-II acts as an
optimization algorithm to obtain a set of pareto-optimal. The non-
dominated fast sorting method is used to acquire a set of equally
acceptable solutions which are the closest to pareto-optimal front;
using the concept of crowding distance, the diversity of the pareto-
optimal set is maintained; and both the offspring and parent
populations participate through the concept of elitism, which im-
proves the convergency rate of the optimization algorithm
[39e42]. The NSGA-II procedure is shown in Fig. 1.

The main procedural parts of NSGA-II include.

(a) Fast non-dominated sorting technique

Population H(t) is initially sorted into different non-dominated
fronts. For any H*(t) ε H (t), if and only if H*(t) honors the following
relationship:

:dHiðtÞsH*ðtÞði ¼ 1;2; :::;NÞ2HðtÞ
cj2f1;2;3g�Ej½HiðtÞ� � Ej½H*ðtÞ��

∧dk2f1;2;3gfEk½HiðtÞ�< Ek½H*ðtÞ�g
(1)

then H*(t) may be called a non-dominated individual. Note that E
denotes the objective function here. With H(t) being sorted via Eq.
(1), all individuals in the first non-dominated front are obtained
with their corresponding ranks being set to 1. The remaining in-
dividuals of H(t), except first ranked ones keep being sorted ac-
cording to the above procedure. Then, the individuals existing in
the second non-dominated front are selected with ranks equal to 2.
This process keeps on until all fronts have been identified [39,42].
Fig. 2 attempts to illustrate fast non-dominated sorting approach in
NSGA-II while dealing with two objective functions.

(b) Crowding distance operator

Now, individuals with the same rank are arranged in line with
their objective values in ascending order. Note that the crowding
distance of boundary individual is set equal to∞. For the remaining
individuals, the crowding distance is stated as [39,43]:

dpðiÞ¼
Xm

k¼1

jEkðiþ 1Þ � Ekði� 1Þj
Emax
k � Emin

k

; i2f2;3; :::;n�1g (2)

where, p is the rank of the ith individual; n is the number of in-
dividuals whose ranks are p; dpðiÞ signifies the crowding distance of
the ith individual; m is the number of the objective functions Ek
denotes the kth objective function value; Emax

k and Emin
k denote the

maximum and minimum values of the kth objective function,
respectively.

(c) Selection operator

The binary tournament selection [39] is now applied to filter
H(t) in accordance with crowding distance and the rank of each
individual in H(t). Two individuals are randomly chosen from H(t)
each time. When their ranks are the same, the individual with
larger crowding distance will be selected; however, when their
ranks are dissimilar, the individual with small rank will be chosen.
Based on the abovementioned method, N individuals are selected
to perform crossover operator.

(d) Crossover operator

Now the single-point and double-point crossover operation is
performed with probability pc for two randomly-selected
individuals.

(e) Mutation operator

The reverse operation is conducted with probability pm for each
allele of each individual.

(f) Elitism operator

Elitism is the process of comparing offspring population with
parent population, and then selecting the best N individuals as theFig. 1. NSGA-II procedure.
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next parent generation [42,44,45]. The elitism procedure may be
given as:

(1) Offspring and parent populations are combined to create an
impermanent generation of size 2 N;

(2) The temporary population is sorted using the fast non-
dominated sorting method and then its crowding distance
is estimated;

(3) The best N individuals are chosen as the subsequent parent
generation. In the selection process, if two individuals have
dissimilar ranks, the one with lesser rank is more appro-
priate; if two individuals possess the same rank, the onewith
larger crowding distance is more appropriate.

3. Methodology

The main objective of the present paper is to apply a new
technique to tune EOS parameters while incorporating multi-
objective non-sorted genetic algorithm instead of traditional
single-objective algorithms. As mentioned, this technique ensures
proper diversity of the generated populations, and further leads to a
plausible match between EOSmodel results and experimental data.
In addition, it allows us to choose a match based on the engineering
background (i.e., how the tests were performed, and/or what the
accuracy of the experimental data is from the fluid sample).

Given the complicated fluid properties calculations such as
flash calculations, simulation of fluid tests (constant composition
expansion, constant volume depletion, and differential liberation,
etc.), we have made use of CMGWinProp [46] module as the main
fluid properties calculating machine in this paper. In this sense,
the initial population is generated via the random search. Note
that each population represents an appropriate input data file in
WinProp, with certain values for all tuning parameters. Based on
the outputs generated from WinProp for each population, and
using the optimization algorithm, producing next generations
continue.

Generally speaking, the process of regressing EOS parameters
using NSGA-II needs all the data required in conventional tuning of
EOS. The required data includes fluid composition along with the
initial components' properties, experimental data for different tests
(oil and gas viscosity, oil formation volume factor, etc. all versus
pressure) and regression parameters. It is worth mentioning that
EOS type can also be taken into account as the regression param-
eter. Given the fact that WinProp supports 4 EOSs of Peng-
Robinson, Peng-Robinson, SRK, and SRK (G&D), the introduced al-
gorithm can apply each of these EOS for the purpose of regression
process.

Having specified input and regression parameters, the algorithm
automatically identifies the regression parameters, and attempts to
generate values for the tuning parameters based upon random

search and the defined boundary for each tuning parameter. This
process is reiterated for the exact number of initial populations to
generate new populations by means of revised values of tuning
parameters. In order to conduct the optimization process, WinProp
output results for different fluid properties which are called
objective functions, are acquired in a sense that at the end of
initialization process with n populations, m*n number of objective
functions will prevail. The objective functions are estimated via the
following formula:

OFi ¼
Xm

j¼1

���propexpij � propEOSij

���

propexpij

i¼1 to n (3)

In which OFi represents the value of objective function for each
PVT property (e.g., solution gas, formation volume factor, etc.), n is
the total number of PVT properties measured experimentally, m is
the number of experimental points for each PVT property, and
superscripts exp and EOS indicate experimental value and EOS-
generated result, respectively.

After determining the objective functions, the members of
initial population are assigned different specific fronts based on the
non-sorted method. Then, the existing members in each front are
prioritized according to their crowding distance. In order to pro-
duce the next generation, dissimilar couples from the current
population are selected according to crossover function. In this
selection, the member with lower front and larger crowding dis-
tance takes higher priority to be elected. After the couples are
successfully specified, the mutation and crossover functions take
effect to produce new population (representing the new input data
files to WinProp). By running these new populations which
encompass new values for the regression parameters with the aid
ofWinProp, and further acquiring the output results, their objective
functions values are accordingly estimated. Subsequently, using the
pareto function and the method described previously, the gener-
ated and initial population are mixed and then ranked. Next pop-
ulation is selected according to rank and crowding distance. This
process is iterated to the number of specified generations, ulti-
mately leading to a set of solutions from which the engineer can
choose based on his/her need and own sense of engineering. Fig. 3
depicts how NSGA-II multi-objective optimization algorithm is
employed for auto-tuning PVT data.

4. Description of fluid samples

In this paper, we aim to show the application of non-sorted
genetic algorithm customized for tuning EOS parameteres. To do
that, a graphical user interface software package has also been
developed which can help the engineer to perform EOS tuning in a
feasible andmore efficient manner. To check the validity, three fluid

Fig. 2. Schematic illustration of non-dominated sorting method for two objective functions (i.e., F1 and F2) using NSGA-II algorithm.
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samples with different compositions and different PVT behavior
(two black oil and one gas condensate PVT samples) have been
selected.

The first black oil sample (henceforth, named MB) is charac-
terized in Table 1. Two different laboratory tests, a CCE test at the
temperature of 164�F and one differential liberation test at 185�F
are utilized to quantify fluid properties. Reported data encompass
saturation pressure and relative oil volume in CCE (constant
composition expansion) test at 164�F, and gas oil ratio, oil forma-
tion volume factor, liquid specific gravity and gas compressibility Z
factor in differential liberation experiment at 164�F. These data are
presented in Tables 2 and 3.

To explore the validity of the algorithm on diverse test results at
different temperature, another black oil sample entitled MI is taken
into account as well. Sample compositional data is shown in
Table 4. Two CCE result data at two different temperatures of 110�F
and 225�F shown in Tables 5 and 6 have been utilized for bubble
point pressure and relative total volume. Differential liberation test
results at 225�F which is used for characterizing seperated phase
properties during pressure deplition, are presented in Table 7. Gas
viscosity data has also been added to differential liberation results
for further optimization.

The gas condensate sample (henceforth, named sample MA) is
characterized in Table 8. Two different experiments have been
designed to clarify this fluid behavior: CCE test to determine
saturation pressure and relative oil voulme and CVD (constant
volume deplition) test for obtaining cumulative gas production,
dropout liquid and gas compressibility factor. Data reported from
these laboratory experiments are tabulated in Tables 9 and 10,
respectively.

5. Results and discussion

To start regression using this brand-new tuning algorithm, be-
sides the experimental data and other fluid properties, a pool of
regression parameters must be designated. The trivial parameters
which almost always have been considered as regression parame-
ters are plus fraction properties including critical temperature,
critical pressure, critical volume, molecular weight, and binary

Fig. 3. Schematic representation of auto-tuning PVT data using NSGA-II multi-opti-
mization algorithm.

Table 1
Fluid composition of sample MB.

Component Mole fraction

N2 0.001
CO2 0.001
H2S 0.000
C1 0.312
C2 0.055
C3 0.061
IC4 0.011
NC4 0.032
IC5 0.016
NC5 0.018
FC6 0.032
C7eC13 0.227
C14eC21 0.126
C22þ 0.108

Table 2
CCE test results for sample MB at 164 �F.

Pressure (psi) Relative volume

4997 0.9763
4500 0.9795
4000 0.9833
3504 0.9871
3008 0.9913
2810 0.993
2614 0.9948
2514 0.9957
2414 0.9966
2314 0.9976
2214 0.9985
2053 1.0000
2036 1.0023
2023 1.0041
2006 1.0060
1994 1.0080
1983 1.0096
1972 1.0114
1956 1.0141
1927 1.0182
1889 1.0244
1837 1.0335
1764 1.0478
1670 1.0683
1552 1.0995
1407 1.1398
1242 1.2177
1068 1.3241
885 1.4846
711 1.7254
554 2.0854
519 2.1998
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interaction coefficient. Table 11 shows the regression parameters
set for tuning of sample MB. Genetic algorithm setting parameters
applied for this sample is defined in Table 12. As discussed previ-
ously, in non-sorted type of GA, despite conventional method,
weight factors are completely eradicated from tuning process and
each property is assessed individually to obtain the objective
function. The initial datasets defined as initial population are built
randomly based on lower and upper bound of regression parame-
ters as tabulated in Table 12. Eventually, as mentioned before, the
tuning process continues based on the non-sorted genetic algo-
rithm. The key features which help algorithm to create qualified
generations and also avoid it to be trapped in local minimum are
crossover and mutation. Although front based ranking operation
with crowding distance selection, creates suitable diversity in the
solutions, they help to achieve better convergency as well. During
the tuning process, it is possible to filter the solution based on the
individual relative error percentage for each defined property. The
error filter shown in Fig. 4 has been defined arbitrarily for this case
based on authors' strategy. Implementing this filter, 9 distinguished
solutions, namely MB_0, MB_1, MB_2, MB_3, MB_4, MB_5, MB_6,
MB_7, and MB_8 have been defined as the convenient options for
fluid sample MB.

The most prominent fluid property which needs to be reconciled
in EOS tuning is saturation pressure which is designated in Table 13.
The absolute error percent obtained for this parameter is less than
0.5 compared to the experimental value which is close to 2050 psi
determined from manual matching. Other comparisons received
from this regression and manual tuning using WinProp software are

Table 3
Differential liberation test results for sample MB.

Pressure (psi) Bo (bbl/STB) GOR (Scf/STB) Oil SG Gas Z factor

4997 1.2723 497.06 0.803 e

4500 1.2765 497.06 0.800 e

4000 1.2814 497.06 0.797 e

3504 1.2864 497.06 0.794 e

3008 1.2918 497.06 0.791 e

2810 1.2941 497.06 0.789 e

2614 1.2964 497.06 0.788 e

2514 1.2976 497.06 0.787 e

2414 1.2988 497.06 0.787 e

2314 1.3001 497.06 0.786 e

2214 1.3013 497.06 0.785 e

2053 1.3032 497.06 0.784 e

1763 1.2830 444.26 0.790 0.858
1513 1.2614 392.68 0.797 0.856
1263 1.2416 343.17 0.803 0.872
1013 1.2213 296.27 0.811 0.887
763 1.2010 249.11 0.818 0.893
513 1.1806 199.25 0.825 0.906
263 1.1571 144.03 0.833 e

14.7 1.0415 0 e e

SG: Specific gravity, Bo: Oil formation volume factor.

Table 4
Fluid composition of sample MI.

Component Mole percent

N2 0.002
CO2 0.007
C1 0.240
C2 0.080
C3 0.055
IC4 0.010
NC4 0.030
IC5 0.012
NC5 0.015
FC6 0.052
FC7 0.032
FC8 0.031
FC9 0.032
FC10 0.025
FC11 0.022
C12þ 0.354

Table 5
CCE test results for sample MI at 110 �F.

Pressure (psi) Relative volume

4049 0.991
3045 0.995
2542 0.996
2038 0.997
1836 0.998
1735 0.999
1633 0.999
1533 1.000
1432 1.006
1352 1.009
1324 1.012
1315 1.014
1304 1.017
1293 1.020
1280 1.029
1269 1.039
1234 1.052
1203 1.072
1161 1.102
1103 1.147
1031 1.216
940 1.319
832 1.473
726 1.704
612 2.051
490 2.556
397 3.190

Table 6
CCE test results for sample MI at 225�F.

Pressure (psi) Relative volume

5050 0.970
4049 0.978
3045 0.986
2542 0.991
2340 0.993
2240 0.994
2139 0.995
2038 0.996
1937 0.998
1836 0.999
1739 1.000
1723 1.003
1706 1.006
1694 1.008
1681 1.011
1671 1.013
1661 1.015
1640 1.019
1617 1.025
1581 1.033
1533 1.045
1465 1.064
1376 1.092
1266 1.134
1135 1.197
989 1.293
837 1.436
687 1.652
549 1.975
427 2.460
353 2.928
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Table 7
Differential liberation test results for sample MI at 225 �F.

Pressure (psi) Bo (bbl/STB) GOR (Scf/STB) Oil SG Gas Z Factor Gas FVF (Scf/ft Gas SG Visc. Gas (Cp)

5050 1.305 430.1 0.785 e e e e

4049 1.315 430.1 0.779 e e e e

3045 1.326 430.1 0.773 e e e e

2542 1.332 430.1 0.769 e e e e

2340 1.335 430.1 0.768 e e e e

2240 1.336 430.1 0.767 e e e e

2138 1.337 430.1 0.766 e e e e

2038 1.339 430.1 0.765 e e e e

1937 1.340 430.1 0.764 e e e e

1836 1.342 430.1 0.763 e e e e

1737 1.343 430.1 0.763 e e e e

1530 1.326 391.3 0.768 0.879 0.011 0.778 0.016
1230 1.300 333.8 0.775 0.894 0.014 0.799 0.015
925 1.274 276.5 0.783 0.914 0.019 0.815 0.014
622 1.247 216.7 0.791 0.939 0.029 0.854 0.013
319 1.218 150.2 0.799 0.967 0.059 0.971 0.013
14.7 1.064 e 0.865 1.000 e 1.418 0.010

GOR: Gas oil ratio, FVF: Formation volume factor, Visc.: viscosity.

Table 8
Composition of sample MA.

Component Mole percent

N2 0.001
CO2 0.022
CH4 0.658
C2H6 0.056
C3H8 0.028
IC4 0.008
NC4 0.017
IC5 0.010
NC5 0.012
FC6 0.023
FC7 0.028
FC8 0.032
FC9 0.026
FC10 0.018
FC11 0.012
C12eC14 0.033
C15 0.005
C16eC17 0.006
C18þ 0.005

Table 9
CCE test results for sample MA at 304�F.

Pressure Relative volume

8500 0.8936
8300 0.9030
8100 0.9126
7900 0.9226
7700 0.9328
7500 0.9438
7200 0.9614
6800 0.9871
6620 1.0000
6300 1.0247
6000 1.0508
5600 1.0887
5200 1.1327
4800 1.1864
4400 1.2500
4000 1.3399
3600 1.4665
3200 1.6349
2800 1.8707
2400 2.2412
2000 2.7550
1600 3.5017
1400 4.0749

Table 10
CVD test results for sample MA at 304�F.

Pressure (psi) Cum. gas prod. (%) Liquid drop (%) Gas Z factor

6620 0 0 e

5500 7.780 9.68 1.037
4500 17.74 21.90 0.990
3500 32.02 29.21 0.955
2200 52.26 33.76 0.937
1200 75.20 29.77 0.947

Cum.: cumulative, Prod.: production.

Table 11
Regression parameter set for sample MB.

Variable Component Lower bound Upper bound Initial value

PC FC6 28.6 32.9 31.9
C7eC13 23.2 27.6 27.5
C14eC21 16.2 23.2 22.6
C22þ 8.24 1.63 8.88

VC C22þ 1.01 1.52 1.38
C14eC21 0.637 0.955 0.921
C7eC13 0.392 0.588 0.491
FC6 0.275 0.413 0.324

TC FC6 490 543 491
C7eC13 576 706 693
C14eC21 621 889 816
C22þ 914 1390 914

AF FC6 0.264 0.298 0.272
C7eC13 0.319 0.481 0.435
C14eC21 0.357 0.895 0.894
C22þ 0.946 1.72 0.951

MW C22þ 457 685 473
C14eC21 179 269 211
C7eC13 111 167 165
FC6 68.8 103 101

PVC3 0 1.80 0.871

Pc: critical pressure, Vc: critical volume, Tc: critical temperature, AF: acentric factor,
MW: molecular weight, PVC3: hydrocarbon binary interaction exponent, F: typical
hydrocarbon fraction.

Table 12
Genetic algorithm setting parameters for tuning of samples
MB, MI and MA.

GA setting parameter Value

Population size 50
Crossover rate 0.6
Generation size 100
Mutation rate 0.2
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Fig. 4. Maximum error percent selected to filter the best matches for sample MB (acquired from the developed software).

Table 13
Determined saturation pressure for filtered best matches for sample MB at 164�F.

Filtered best model Experimental Sat. pressure (psi) Calculated Sat. pressure (psi) Absolute error (%) Abs ((Psatcalc-PsatExp)*100/PsatExp)

MB_0 2053 2046.8 0.302
MB_1 2053 2044.4 0.419
MB_2 2053 2057.8 0.234
MB_3 2053 2059.7 0.326
MB_4 2053 2045.4 0.370
MB_5 2053 2048.8 0.205
MB_6 2053 2059.2 0.302
MB_7 2053 2052.6 0.019
MB_8 2053 2055.4 0.117

Fig. 5. Comparison of calculated relative oil volume data of sample MB amongst filtered best matches in CCE test at 164�F.

Fig. 6. Comparison of calculated oil formation volume factor data of sample MB amongst filtered best matches in DIFLIB test at 164�F.
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presented in Figs. 5e9 for PVT properties of relative oil volume, oil
formation volume factor, oil density, gas-oil ratio, and gas
compressibility factor, respectively. Furthermore, some important

statistical data such as mean, minimum and maximum error per-
centages of each property are defined in Table 14 for the afore-
mentioned PVT properties. These comparisons may provide the

Fig. 7. Comparison of calculated oil density data of Sample MB amongst filtered best matches in DIFLIB test at 164�F.

Fig. 8. Comparison of calculated gas oil ratio data of Sample MB amongst filtered best matches in DIFLIB test at 164�F.

Fig. 9. Comparison of calculated gas compressibility Z factor data of Sample MB amongst filtered best matches in DIFLIB test at 164 �F.

Table 14
Comparison amongst different solutions of sample MB based on minimum, maximum and average error percentage determined at different point pressure for each property
(Abs((Propcalc-PropExp)*100/PropExp).

Experimental test Manual match MB_0 MB_1 MB_2 MB_3 MB_4 MB_5 MB_6 MB_7 MB_8

ROV(DIFLIB)@ 164 Min error (%) 0.13 0.32 0.02 0.01 0.10 0.12 0.06 0.05 0.07 0.07
Max error (%) 1.44 2.04 0.80 2.13 2.09 2.09 1.16 1.34 1.22 1.24
Mean error (%) 0.92 1.65 0.25 1.80 1.61 1.70 0.79 1.02 0.84 0.86

GOR (DIFLIB)@ 164 Min error (%) 0.39 1.87 0.09 1.90 0.12 0.06 0.19 0.25 0.43 0.38
Max error (%) 1.60 6.04 2.03 4.86 2.74 2.82 1.46 1.49 1.43 1.57
Mean error (%) 1.24 2.80 1.57 2.70 0.72 0.68 0.45 0.55 0.62 0.63

DL (DIFLIB)@ 164 Min error (%) 0.56 0.48 0.12 0.03 0.33 0.00 0.01 0.34 0.01 0.02
Max error (%) 1.73 1.11 0.98 0.63 1.09 0.47 0.51 0.91 0.55 0.54
Mean error (%) 1.30 0.89 0.69 0.23 0.56 0.12 0.15 0.52 0.16 0.16

ZV (DIFLIB)@ 164 Min error (%) 0.09 0.17 0.43 0.01 0.12 0.07 0.37 0.37 0.39 0.40
Max error (%) 4.06 1.75 1.83 1.72 1.71 1.82 1.78 1.80 1.81 1.82
Mean error (%) 2.05 0.57 0.88 0.62 0.69 0.60 0.84 0.85 0.86 0.86

ROV(CCE)@ 164 Min error (%) 0.00 0.01 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00
Max error (%) 1.09 2.28 2.50 2.12 3.01 3.20 1.80 2.07 2.05 2.07
Mean error (%) 0.37 0.35 0.35 0.36 0.41 0.44 0.23 0.32 0.30 0.33
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Table 15
Regression parameter set for sample MI.

Lower bound Upper bound Initial Value

PC FC11 19.8 24.0 21.5
C12þ 12.9 19.5 14.4

TC FC11 633 759 703
C12þ 771 1060 821

AF C12þ 0.659 0.987 0.800
MW C12þ 232 348 341
MU 2 0.0187 0.0280 0.0234

3 0.0468 0.0702 0.0585
4 �0.0489 �0.0326 �0.04.08
5 0.00747 0.0112 0.00933

VcVisc C12þ 0.805 1.21 1.01
OA C12þ 0.366 0.549 0.415
OB C12þ 0.0622 0.0934 0.0853
PVC3 0.00 1.80 1.10
SH C12þ �0.153 0.199 0.0154

Pc: critical pressure, Tc: critical temperature, AF: acentric factor, MW: molecular weight, PVC3: hydrocarbon binary interaction exponent, VcVisc: critical volume related to
viscosity correlation, SH: volume shift, MU: coefficient of viscosity correlation, OA: omega A, OB: omega B, F: typical hydrocarbon fraction.

Fig. 10. Comparison of calculated saturation pressure of sample MI amongst filtered best matches in CCE test at different temperature.

Fig. 11. Comparison of calculated relative total volume of sample MI amongst filtered best matches in CCE test at 110�F.

Fig. 12. Comparison of calculated relative total volume of sample MI amongst filtered best matches in CCE test at 225�F.

A. Zarifi, M. Madani and M. Jafarzadegan Petroleum 10 (2024) 135e149

144



experts with multi solutions to the problem at hand and help them
tomanipulate amongst choices theymay need for future assessment.

To investigate the capability of algorithm on experimental
data at a different test temperature, another black oil fluid sam-
ple, namely MI was examinated. Table 15 shows the regression
parameter set for tuning of this sample. GA setting parameters

tabulated in Table 12 are applied here as well. Similarly, such as
the previous problem, one can choose amongst final solution
based on his/her own strategy. Based on the maximum user-
entered error after the end of regression process, three conve-
nient options including MI_0, MI_1 and MI_2 were defined for
this sample. Results shown in Fig. 10 represent bubble point

Fig. 13. Comparison of calculated oil formation volume factor data of sample MI amongst filtered best matches in DIFLIB test at 225�F.

Fig. 14. Comparison of calculated gas oil ratio data of sample MI amongst filtered best matches in DIFLIB test at 225�F.

Fig. 15. Comparison of calculated oil specific gravity data of sample MI amongst filtered best matches in DIFLIB test at 225�F.

Fig. 16. Comparison of calculated gas compressibility z factor data of sample MI amongst filtered best matches in DIFLIB test at 225�F.
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pressure at different temperatures of 110�F and 120�F for manual
and automated matching method compared to experimental re-
sults. Other comparisons for CCE and DIFLIB (differential libera-
tion) data adjustment are presented in Figs. 11e18 for relative
total volume at 110�F, relative total volume, oil formation volume
factor, gas-oil ratio, oil specific gravity, gas compressibility factor,

gas specific data, and gas viscosity data all at 225�F. To have
better assessment of algorithm capability and validate the
attained solutions, common statistical data shown in Table 16
may be used.

In addition to the above samples MB and MI, a more complex gas
condensate fluid sample (sample MA) was designated to verify the

Fig. 17. Comparison of calculated gas specific gravity data of sample MI amongst filtered best matches in DIFLIB test at 225�F.

Fig. 18. Comparison of calculated gas viscosity data of sample MI amongst filtered best matches in DIFLIB test at 225�F.

Table 16
Comparison amongst different solutions of sample MI based on minimum, maximum and average error percentage determined at different point pressure for each property
(Abs((Propcalc-PropExp)*100/PropExp).

Experimental test Manual match MI_0 MI_1 MI_2

ROV (CCE) @ 110�F Min error (%) 0.20 0.17 0.26 0.02
Max error (%) 28.41 27.74 26.62 26.08
Mean error (%) 4.74 4.41 4.52 4.05

ROV (CCE) @ 225�F Min error (%) 0.00 0.01 0.06 0.05
Max error (%) 3.25 1.87 2.61 1.99
Mean error (%) 0.51 0.54 0.86 0.73

GOR (DIFLIB) @ 225�F Min error (%) 0.06 0.44 0.73 0.42
Max error (%) 6.73 8.92 5.16 3.76
Mean error (%) 0.94 2.17 1.49 1.30

BO (DIFLIB) @ 225�F Min error (%) 1.02 0.72 0.16 0.29
Max error (%) 2.94 2.54 3.57 1.59
Mean error (%) 1.55 1.30 1.94 0.98

SGO (DIFLIB) @225�F Min error (%) 0.07 0.01 0.02 0.04
Max error (%) 2.20 1.76 2.68 1.35
Mean error (%) 0.71 0.58 0.73 0.67

ZV (DIFLIB) @ 225�F Min error (%) 0.59 0.59 0.57 0.62
Max error (%) 2.73 2.75 2.03 2.01
Mean error (%) 1.50 1.50 1.32 1.22

BG (DIFLIB) @ 225�F Min error (%) 0.67 0.66 0.68 0.65
Max error (%) 2.89 2.91 2.86 2.95
Mean error (%) 1.59 1.60 1.58 1.62

SGV (DIFLIB) @ 225�F Min error (%) 1.42 1.48 1.03 1.56
Max error (%) 3.91 3.98 3.56 4.08
Mean error (%) 2.64 2.71 2.27 2.80

Gas Viscosity (DIFLIB) @ 225�F Min error (%) 0.02 0.04 0.13 0.03
Max error (%) 1.40 1.60 1.82 1.48
Mean error (%) 0.37 0.87 1.11 0.68

A. Zarifi, M. Madani and M. Jafarzadegan Petroleum 10 (2024) 135e149

146



capability of this sophisticated tuning algorithm. Table 17 shows the
regression parameter set for tuning this sample. GA setting parame-
ters tabulated in Table 12 are applied here as well. Based on authors'
strategy, four distinguished solutions have been defined, including
MA_0, MA_1, MA_2, and MA_3, from which, similar to previous
samples, one can choose amongest final solution based on his/her
own strategy.

Dew point pressure which is precedent to other properties is
defined in Table 18. The absolute error obtained is less than 1%which
shows the good accuracy of this algorithm. Other comparisons
received from this regression are displayed in Figs.19e22 for relative
oil volume, cumulative gas production, liquid dropout, and gas

compressibility factor, respectively. These solutions refer to kind of
solutions which are non-dominated to each other, while being su-
perior to other solutions. To have better comparison, other statistical
datawhich are defined inTable 19,maybeused for foregoing analysis.

The statistical data (error values) for the aforementioned
three PVT samples show that all the solutions using the
employed algorithm and the obtained solution via manual tun-
ing process are trustworthy. The manual PVT tuning approach
has been used worldwide, however, with the main drawback
being almost always time-consuming. In fact, depending on the
complexity of fluid model, the manual tuning process might take
multiple weeks and become an arduous task. As it is completely

Table 17
Regression parameter set for sample MA.

Lower bound Upper bound Initial Value

PC C12eC14 2.02�101 2.25�101 2.06�101

C15 1.79�101 1.95�101 1.91�101

C16eC17 1.63�101 1.79�101 1.64�101

C18þ 1.21�101 1.82�101 1.64�101

TC C12eC14 6.66�102 7.05�102 6.93�102

C15 7.07�102 7.36�102 7.36�102

C16eC17 7.37�102 7.72�102 7.51�102

C18þ 6.40�102 9.60�102 7.33�102

AF C12eC14 4.85�10-1 5.27�10-1 5.18�10-1

C15 5.18�10-1 5.91�10-1 5.50�10-1

C16eC17 5.91�10-1 6.68�10-1 6.14�10-1

C18þ 5.83�10-1 8.75�10-1 7.90�10-1

MW C12eC14 1.42�102 2.12�102 1.54�102

C15 1.67�102 2.50�102 2.37�102

C16eC17 1.83�102 2.74�102 1.83�102

C18þ 2.25�102 3.38�102 3.38�102

SH C12eC14 1.15�10-1 2.15�10-1 2.01�10-1

C15 �1.79�10-2 1.82�10-1 1.82�10-1

C16eC17 �1.00�10-2 1.90�10-1 1.77�10-1

C18þ 5.40�10-2 1.54�10-1 6.82�10-2

OA C12eC14 3.66�10-1 5.49�10-1 4.51�10-1

C15 3.66�10-1 5.49�10-1 3.90�10-1

C16eC17 2.93�10-1 4.39�10-1 4.19�10-1

C18þ 3.66�10-1 5.49�10-1 3.66�10-1

OB C12eC14 6.22�10-2 9.34�10-2 6.42�10-2

C15 7.47�10-2 1.12�10-1 8.91�10-2

C16eC17 7.47�10-2 1.12�10-1 1.02�10-1

C18þ 6.22�10-2 9.34�10-2 6.52�10-2

Pc: critical pressure, Tc: critical temperature, AF: acentric factor, MW: molecular weight.
SH: volume shift, OA: omega A, OB: omega B.

Table 18
Determined saturation pressure for filtered best matches of sample MA.

Filtered best model Experimental Sat. pressure (psi) Calculated Sat. pressure (psi) Absolute relative error (%)

MA_0 6620 6609.5 0.16
MA_1 6620 6658.3 0.58
MA_2 6620 6656.9 0.56
MA_3 6620 6674.6 0.82

Fig. 19. Comparison of calculated relative oil volume data of sample MA amongst filtered best matches in CCE test at 304�F.
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evident from above results, using Pareto front based evolu-
tionary algorithm facilitates the tuning process even in complex
PVT fluid models and statistical data clearly depict that this new
algorithm has been more precise and vigorous than common
conventional procedure.

6. Conclusions

In this work, the application of a multi-objective optimization
algorithm, namely NSGA-II was introduced for the purpose of auto-
tuning PVT data. For this purpose, and to imply the

Fig. 21. Comparison of calculated liquid dropout data of sample MA amongst filtered best matches in CVD test at 304�F.

Fig. 22. Comparison of calculated gas compressibility factor data of sample MA amongst filtered best matches in CVD test at 304�F.

Fig. 20. Comparison of calculated cumulative gas production data of sample MA amongst filtered best matches in CVD test at 304�F.

Table 19
Comparison amongst different solutions of Sample MA based on minimum, maximum and average error percentage determined at different point pressure for each property
(Abs((Propcalc-PropExp)*100/PropExp).

Experimental Test Manual Match MB_0 MB_1 MB_2 MB_3

MV (CVD) @ 304 Min error (%) 7.35 6.99 5.57 6.70 3.49
Max error (%) 12.64 11.97 11.78 12.04 11.70
Mean error (%) 10.85 9.43 9.11 9.55 8.32

VL (CVD) @ 304 Min error (%) 0.14 3.36 0.48 1.83 0.14
Max error (%) 8.57 11.99 14.73 6.96 16.73
Mean error (%) 2.44 7.86 6.39 4.04 6.37

ZV (CVD) @ 304 Min error (%) 0.94 0.93 0.61 0.13 0.51
Max error (%) 8.69 8.74 8.61 7.64 8.46
Mean error (%) 5.61 5.68 5.46 4.99 5.44

ROV (CCE) @ 304 Min error (%) 0.02 0.05 0.21 0.20 0.28
Max error (%) 21.64 21.31 21.29 21.75 21.35
Mean error (%) 6.23 6.01 6.06 6.15 6.03
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comprehensiveness of presented method, three different fluid
samples (two black-oil and one gas condensate sample) which are
different in PVT properties and experimental data, were taken into
account. The statistical error data demonstrated that the proposed
auto-tuning method is accurate and robust. In contrast to the
manual matching process, the aforementioned technique is fast,
and may provide the engineer with several solutions from which
one solution can be selected based upon the engineering back-
ground and circumstances at hand. Moreover, using the applied
methodology, one is not compelled to concern themselves with
choosing the tuning parameters, and additionally weight factors
with some level of uncertainty, which are the essential part of the
manual tuning approach as arduous and time-consuming tasks.
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