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Abstract

Accurate prediction of dew-point pressure (DPP) is essential for the development and production management of gas condensate
reservoirs; however, existing empirical correlations and standalone machine learning models often suffer from limited generalization
and sensitivity to data variability. This study addresses this gap by developing and comparing a nonlinear multiple regression
(NLMR) correlation and a hybrid particle swarm optimized neural network (PSONN) model using a large and diverse dataset of 880
experimental samples collected from published literature and Middle East reservoirs. The PSONN model was selected due to its
capability to overcome neural network limitations such as slow convergence by optimizing network weights through global swarm
intelligence. The hybrid PSONN model achieved superior predictive accuracy with APRE of 2.45% and CC of 0.997, outperforming
both the proposed NLMR correlation and previously published models. The results demonstrate that the developed hybrid framework
can significantly improve dew-point pressure estimation, thereby supporting reliable reservoir characterization, surface facility
design, and production planning in gas condensate fields.
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1- Introduction

. . . from slow convergence and sensitivity to initial weight
Dew-point pressure (DPP) is one of the most important  ¢ajection [6].

factors for gas condensate fluid. It is often required for Hybrid intelligent systems combine optimization
developlng.of gas condepsate reservoir [1]. Therefore,.a algorithms with learning models to overcome these
perfect estimation of this property has been the main jimitations [7]. Particle swarm optimization (PSO), when
challenge for gas condensate reservoir. The iterative integrated with ANN, can optimize network weights
method or empirical correlations usually use to predict  gjhally and improve convergence stability. Despite these
dew-point pressure [2]. advantages, relatively few studies have explored robust

Traditionally, DPP has been estimated using empirical hybrid frameworks using large and diverse datasets for
correlations and equations of state (EOS) [3]. Although ppp prediction [8].

these approaches are widely applied, their accuracy is
often limited to the range of data from which they were
developed, and they may not generalize well to reservoirs
with different compositional characteristics. In addition,
EOS-based calculations require complete compositional

data and iterative procedures, which may be  correlation, develop a hybrid Al model with improved
computationally expensive and sensitive to tuning generalization, and benchmark both models against

parameters [4]. o ) published correlations and Al models using
In recent years, artificial intelligence (AI) and machine comprehensive statistical evaluation.

learning (ML) techniques have been increasingly applied
to petroleum engineering problems, including DPP  5_
prediction [5]. Models such as artificial neural networks

(ANN), support vector machines (SVM), fuzzy logic The first published dew-point pressure correlation can

systems, and geﬁetic prog?qn?ming have demonstrqted be dated back to 1947 by Sage and Olds [1]. Certainly,
1mpr0ve?d predictive capabilities compared to classical  yer the past three decades, there has been a growing
correlations. However, standalone ML models may suffer  ;terest in developing new correlations for dew-point
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Therefore, this study aims to develop and evaluate two
predictive approaches: a nonlinear multiple regression
(NLMR) correlation and a hybrid particle swarm
optimized neural network (PSONN) model. The
objectives are to establish a reliable regression-based
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pressure obtained from different regions around the
world.

These correlations aim to establish relationships
between various properties of crude oil, such as density,
temperature, API gravity, and other compositional
characteristics [1-4]. Some of the most important studies
were conducted by Nemeth and Kennedy [9], Humoud
and Al-Marhoun [10], Elsharkawy [11], Marruffo et al
[12], Shokir [13], Godwin [14], Ahmadi and Ebadi [15],
Kamari et al [16], Ahmadi and Elsharkawy [17], and
Alarouj et al [18] as follows:

Humoud, and Al-Marhoun [10]:

In (DPP) = By + f11In (Tg) + BoIn (Ry) + BsIn (Psp - Tsp) + Ba/Tyr +
Bs/Por + Be/Vcr+ (D

Where: 5y, By B2, B3, Ba, Ps, Be

coefficients. See [10].
Elsharkawy [11]:

and Ry, are

DPP = Ay + A, Ty + AH,S + A3C0, + AN, + AsCy + 44C, +
AsCy + AoCs + A1gCo + A1 Cry + A MW, + Aszyc,, +

MW, XCy74. MW,
Ap(Cr MW, ) + A15( yCC“) + A (TC) +
7+

7
Ay (G2 Z=) + A1a(XCra /XCs + XCy + XCs + XCg) ()

(XC1+XCp)

Where: A], Az, A3, A4, A5, Aﬁ, A7, Ag, A(), A](), A1|,A12,
Ais, Aug, Ais, Ase, A7 and Ajg are coefficients [11].
Marruffo et al [12]:

DPP = K1+ [ S5 « kg x APy (KorTr*S-keciT)) 3)

C;—K3
Where: K, K, Ks, Ki, Ks, Kg, K7 and Kg are

coefficients [12]
Shokir [13]:

DPP =B, + B, + B; + B, @)

Where: Bi, By, B3 and Ba, are coefficients [13].
Godwin [14]:

DPP =Ay+A; B, + A, B, + A3 By + Ay B, + Ag Bs + Ag Bg +
A; B; + Ag Bg + Ag Bg + A1g B1g + 411 B11 + A1p By + +A13 Bz +
Ary Biy + Ass Bis %)

Where: Bl, Bz, B3, B4, B5, Bﬁ, B7, Bg, Bg, BIO, B][q Blz,
Bi3, Bis, Bis, A1, A, Az, Ay, As, As, Az, Ag, Ao, Aig, Ai,
A2, A3, Ais and A, are coefficients [14].

Ahmadi and Ebadi [15]:

DPP =-888.278-T x (C1 x 3.6063 + T x 0.007856) +
C1 x 1467.87 + A x 0.98907 (6)

Where: A, B, C [15].
Kamari et al [16]:

DPP=A+B @)

Where: A and B [16].
Ahmadi and Elsharkawy [17]:

DPP = & —888.278 — T X C; X 3.60639 + (T)? x 0.00785623 +
Cy X 1467.87 + A x 0.989073 ®)

Where: A, B, C [17].
Alarouj et al [18]:

DPP = (I, + I, + I; + I, + I5)/145. )
Where: 11, I, I3, I4 and Is are coefficients [18].

In recent years, the application of a powerful predictive
tool as Artificial Intelligence (AI) and Machine Learning
(ML) models has grown continuously in petroleum
engineering. Neural Network (NN) model [19] was
developed to predict the DPP of condensate gas reservoirs
using 802 data samples. Different ANN models [20] were
proposed for predicting DPP using 111 data sets. 113 data
points were used to develop an ANN technique gathered
from Middle East reservoir [21, 22]. The ANN technique
obtained the best results. Also, different ANN models
were proposed for predicting DPP [23, 24].

Fuzzy model and expert systems were developed to
predict a gas condensate dewpoint pressure using gas
composition and reservoir temperature [25, 26]. Different
intelligent systems [27] were proposed such as GA-RBF,
support vector machines (ML), fuzzy logic, genetic
algorithms (GA), and an artificial neural network to
estimate DPP.

Swarm  optimization algorithm technique was
established for accurate prediction of dewpoint pressure
[28]. A new empirical K-value equation developed a new
empirical K-value equation to compute the dew pressure
using 81 gas condensate reservoir sample data from
published literature [29]. Gene expression programming
with multiple regression analysis were combined for
estimating the DPP in gas condensate [30].

A novel correlation was proposed using computational
intelligence algorithms, such as Support Vector Machines
(SVM), and Functional Networks (FN), to determine the
DPP for gas condensate reservoirs [31]. Adaptive neuro-
fuzzy approach, hybrid soft computing approaches and
hybrid intelligent approaches models were comprised for
predicting DPP of gas condensate reservoirs [32-33]. 721
data points were used to develop artificial neural network
(ANN) models with combining GA and PSO to predict
DPP [34].

Different machine learning models and Multilayer
Perceptron Neural Network developed for predicting DPP
using 681 published data samples [34, 35]. From the
above searches, we noticed that the uncertainty and
complexity existent in the most gas reservoir correlations
as well as several intelligent systems have applied to
overcome these challenges. On the other hand, the
application of the hybrid of these systems is still fewer.

Currently, the hybrid intelligent models were utilized in
reservoir fluid properties calculation [36-38]. Hybrid
models, such as those combining neural networks with
optimization algorithms like PSO, further improve
predictions for oil well output and energy [39-41]. The
power of Hybrid models and Al lies in their ability to
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investigate huge amounts of data, identify patterns, and
make guesses or judgments based on that analysis [42,
43].
3- Data acquisition

In this study, the database was compiled from both
literature sources and reported experimental data. A total
of approximately 880 data samples were gathered to
develop two hybrid models. This dataset comprises 579
measured data points obtained from different worldwide
oil fields as PVT reports, and an additional 301 measured
data points collected from literature [4-8]. Notably, this
database is larger than those utilized in previously
published studies.

The dataset was carefully screened for missing values
and duplicate entries. Outliers were checked based on

physical plausibility and statistical limits. All variables
were normalized to improve numerical stability during
model training. The dataset was randomly divided into
70% for training and 30% for testing to evaluate model
generalization.

Table 1 depicts the ranges of all gas condensate
parameters. The input of these data included temperature
T, molecular weight heptane plus MWC7., specific
gravity SGc7+, and the composition of fluid (C;-Cs, C7s,
and mole % of CO,, H,S, N,) of model and the output is
dew-point pressure (DPP). 70% and 30% of these simples
were used to train and test the proposed models
respectively. In additional, the database was normalized
to avoid numerical difficulties during the computations.
Statistical error analysis was used to check the
performance and accuracy of those presented models.

Table 1. The ranges of gas condensate database

Parameters Min. Max.
Dewpoint pressure, DPP 890 9830
Reservoir temperature, T 46 339
Molecular weight of heptane plus, MW¢7. 0 250
Specific gravity of heptane plus, SGer+ 0 0.8936
Methane mole fraction, C, 0.0349 0.967
Ethane mole fraction, C, 0.0037 0.608
Propane mole fraction, Cs 0.0011 0.193
Butane mole fraction, Cy4 0.0017 0.371
Pentane mole fraction, Cs 0 0.126
Hexane mole fraction, Cq 0 0.099
Heptane plus mole fraction, C7+ 0 0.156
Hydrogen sulfide mole fraction, H,S 0 0.577
Carbon dioxide mole fraction, CO, 0 0918
Nitrogen mole fraction, N, 0 0.435

4- Methodology

In order to gather the necessary information for
reservoir engineering analysis, simulation, and surface
facility design, the nonlinear multiple regression (NLMR)
approach, Particle Swarm Optimization (PSO), Particle
Swarm Optimization with Neural Networks (PSONN),
and statistical error analysis were utilized to calculate the
dew-point pressure of gas condensate reservoirs as
following:

4.1. Nonlinear multiple regression (NLMR) model

Nonlinear Multiple Regression (NLMR) is a statistical
technique used to model the relationship between one
dependent variable and multiple independent variables
when this relationship is nonlinear. Unlike linear
regression, where the relationship is represented as a
linear function of the parameters, NLMR allows for more
complex patterns [44].

Nonlinear Multiple Regression (NLMR) contains
dependent Variable (Y) which is the outcome or response
variable you aim to predict, independent Variables (X,
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Xa, ..., Xx) which are predictor variables that influence the
dependent variable, and nonlinear Function that is defined
by a mathematical function that is nonlinear. This can be
polynomial, exponential, and logarithmic [44]. The
development of a nonlinear multiple regression model
typically involves the following steps:

Data collection, data exploration, model selection,
parameter estimation, model evaluation, interpretation
and inference, prediction and validation, and model
refinement and validation. The proposed workflow for
this study is presented in Fig. 1.

4.2, Particle swarm optimization (PSO)

PSO is a robust optimization algorithm established by
(Eberhart and Kennedy, 1995) depends on the movement
of swarms. PSO generates an initial population of birds
(particles) of random velocities and positions. These
particles are assessed using a statistical activation fit
function. The optimal solutions are obtained by optimize
the bird's movement. For more descriptions about PSO
technique [44].
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4.3. Particle swarm optimization with neural networks
(PSONN)

Artificial Neural Networks (ANNs) excel at modeling
nonlinear relationships but face challenges like slow
convergence, entrapment in local minima, and difficulties
in determining optimal hidden layers and neurons.
Gradient-based  training in  ANNs, such as
backpropagation, often converges slowly due to complex
error surfaces and initial weight sensitivity [44]. These
methods struggle with noncontinuous problems and
frequently trap solutions in local minima, hindering global
optimization.

For these reasons, the PSO algorithm is applied to avoid
these difficulties by optimizing the weights of ANN

~ '

Start

Feature engineering

Data exploration

Model validation

Model refinement

Predicting PVT

model. The PSO algorithm is a robust searching which
has the ability to avoid the local minimum point and fast
convergence [45].

Particle Swarm Optimization (PSO) addresses these
issues by optimizing ANN weights through population-
based global search, enabling faster convergence and
escape from local minima. PSO requires no gradient
information, making it robust for nonlinear, high-
dimensional problems common in petroleum engineering
applications like reservoir prediction [46].

This combination is called PSONN model. The PSONN
is combination models which run in two steps. In the first
step, the PSO is applied to obtain the optimal weights of
the networks. In the second step, the ANN model is then
run for learning the rules and adjusts the last weights [46].

Data collection ]

Data preprocessing

b o

Model selection

Model training

Model interpretation

L. -

[ Model analysis ]

Fig. 1. The proposed workflow for this study

4.4. Statistical error analysis

The criteria used in this study were maximum/minimum
absolute error, the root mean square error (RMSE),

absolute percent relative error (APRE), and the

correlation coefficient (CC) as shown in Table 2.

Table 2. Type of error analysis used in this study [6]

Type of Error Formula
Residual Error, (E;) Ei=Y —Yyrea
. . T (ED?
Correlation Coefficient, (CC) C=1-F"—"7-=
Y, (Y —Y)?

The Root Mean Square Error, (RMSE)

1 n
RMSE = —Z (E)?
n i=1

Absolute Percent Relative Error, (APRE)

100" |E|
APRE = —
n i=1 Y

5- New approaches development

5.1. Development of new NLMR dew-point pressure
correlation (NLMR DPP)

The New NLMR dew-point pressure (DPP) correlation
is predicted as a direct function of temperature T,

molecular weight heptane plus, specific gravity (SG), Cr+,
and the composition of fluid (C;-Cs, C7:, and mole % of
CO,, HsS, N,) as Eq. 10. Nonlinear multiple regression
analyses and Excel program exactly solver tool was used
to generate the proposed dew-point pressure correlations.
The predicted nonlinear regression DPP correlation is
provided after evaluating several regression scenarios and
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testing many possible combinations by using Nonlinear
multiple regression and Excel program exactly solver tool
as follows:

ppP = (5)+ 3 (10)

Where:

A=14.37 — 4.87 + C, + 112.08 * C, — 0.00001 * C, + 70.7 * (Cy)?
+909.9 * C5 — 21891 * C5 + 353.8 * H,S
—0.049 * (T + 460)

B = 0.0014 * (T + 460) + 0.1257

D = 662639 + 43.647 % C; * My, _5760.65 * C; — 23159.99 * C,, +

1791.075 * In(C,,) + 5078.48 x CO, + 7079.373 * N,

E = (1.704 — 5G)
5.2. Development of hybrid PSONN model

Neural Network (ANN) was developed with one hidden
layer with 25 neurons. Then, PSO algorithm was used to
adjust the weights and bias of the network values.
Moreover, the ANN model was applied to train the
network. Also, the number of dimensions in PSO
technique is equal to number of weights of the network
that depend on the network architecture and input data.
Table 3 shows the best configuration of PSONN model.

Table 3. The best configuration of PSONN approach

Max iteration

200

Number of particles

200

Dimension’s

376

Inertia weight (w)

0.8

Maximum velocity, (v)

3

Cognitive parameter (c1)

0.1

Social parameter (c2)

1

The dimensions of PSO algorithm were determined
using the following Equation:

Dimensions = (hidden * output hidden) +
(input * hidden input) + hiddeny;,s + outputy;ys

6- Results and discussions
In this study, nonlinear multiple regression (NLMR)

approach and intelligent hybrid PSONN model were
developed to determine the dew-point pressure for

condensate gas. The NLMR and PSONN developed
models were discussed in this section to calculate the
dew-point pressure. The accuracy and performance of
these models was compared with the common dew-point
determination models presented in the literatures.

Fig. 2 depicts the best performance of the PSO
technique for DPP. As observed from previous figure, the
PSO is used to optimize parameters for DPP prediction.
PSO generally aims to minimize errors by optimizing
particle positions representing weights in models.

10' £ =

Train |3

--------- Best |]

o Goal |]|

10" | -
107 |

Mean Squared Brror (mse)

Best Training Performance is 0.0009992 at epoch 481

1 ||||m| crod gl
u

L

1 1 1
0 50 100 150 200

1 1 1 1
250 300 350 400 450

481 Epochs
Fig. 2. The best performance of PSO technique

The best training performance of the PSONN model is
showed in Fig. 3. The PSONN hybrid models
demonstrate improved training performance where PSO

optimizes initial weights, then a backpropagation
algorithm refines the model in training to achieve low
errors.
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Fig. 3. The best training performance of the PSONN model

Fig. 4 illustrates the cross-plot between actual and
predicted PSONN model. As concluded from the figure,
the Cross-plots between actual and predicted DPP values
help visually and statistically assess model accuracy. A

well-performing model's points lie close to the 1:1 line,
indicating predictions closely match actual values. The
cross-plot between actual and the predicted NLMR model
as shown in Fig. 5.
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Fig. 4. The cross-plot of PSONN model
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Fig. 5. The cross-plot of NLMR model

Similar to Fig. 4 but specifically for the nonlinear
multiple regression (NLMR) model, demonstrating its
predictive capability through predicted vs actual cross-

plot. Fig. 6 shows the comparing the published Al models
to proposed models for predicting DPP. Comparisons
typically show that hybrid models like PSONN
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correlations can outperform traditional Al models by
achieving lower average absolute relative errors (AARE)
and higher correlation coefficients (CC).

Fig. 7 displays the comparison of the AARE and CC for
the developed NLMR DPP correlation in this study and
the published DPP correlations. AARE measures average

prediction errors relative to true values; lower is better.
CC indicates the strength of correlation between predicted
and actual values; higher is better. The developed NLMR
correlation shows improved AARE and CC compared to
published models, indicating better prediction accuracy
and reliability.
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Fig. 6. Comparing the published Al models to proposed models for predicting DPP
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Fig. 7. Comparing of the AARE and CC for the developed NLMR DPP correlation in this study and the published DPP
correlations

Table 4 described the error analysis results of PSONN
model. The PSONN model achieved the APRE% (2.47)
and the CC equal to 0.995. Table 5 displays the
comparison between 24 published Al models and the
proposed models for predicting dewpoint pressure
according to the year of publication, models and methods
utilized, number of data samples, and APRE (%). This
table showed the different Al techniques such as GA-
ANN, RBF, MLP, ANN, LSSVM, ANFIS, MGGP, and
SVM by several authors and their used number of data
samples.

The proposed models were compared with previously
published correlations and Al models using reported
performance statistical error analysis. While some studies
achieved low errors using small datasets, the proposed
PSONN model achieved competitive accuracy using a
significantly larger and more diverse dataset, indicating
stronger generalization capability as follows:

Khan models have achieved excellent APRE values
with 2.41%; but they have just used fewer data samples
comparing to other models. Rostami model obtained an
excellent error of 3.660 % for relatively large data sets
(562); however, there is not a respectable balance
between the training APRE (%) values 1.997 and testing
APRE (%) values 10.287% dataset’s accuracy. Haji-
Savameri and Mirzaie used different AI models with large
(632 and 681) data samples and the best type of them
achieved APRE equal to 5.701 and 3.4698 respectively.
Although Gonzalez and Jaghdan wused a larger dataset
with 802 and789 data samples, they obtained quite high
APRE equal to 8.64 and 9.35 respectively comparing to
the errors of previous models.

In this study, the largest databases are used to develop
the two hybrid models (NFuzzy and PSONN). The results
displayed that the two developed hybrid models achieved
a better accuracy compared with published Al models in
the literatures for predicting of the DPP of condensate gas
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as shown in Table 4. Table 5 showed a respectable
balance between the training and testing APRE (%)
values of NLMR and PSONN models. Table 4 and Table
5 also display the capability of the PSONN technique to

7-

estimate the DPP in more accurate than NLMR technique.
This technique shows also the best model with the lowest
APRE (2.45) and the highest CC (0.995).

Table 4. Comparing the published Al models to proposed models for predicting DPP

Index Year Reference Method No. AARD (%)
1 2003 Gonzalez[19] MLP 802 8.64
2 2009 Nowroozi[24] ANFIS 110 5.13
4 2013 Kaydani[22] LM-MLP 100 5.84
5 2013 Ghassemzadeh[25]  ANFIS 111 10.52
6 2014 Ahmadi[16] LSSVM 404 5.02
8 2014 Rostami [26] GA-RBF 562 3.66
9 2015 Rabiei [23] ANN 308 3.1315
10 2016 Kamari [15] GEP 562 7.9
11 2016 Kaydani [22] MGGP 158 4.44
12 2016 Manshad [28] ANN-PSO N.A. 3.513
13 2016 Najafi [27] GA-RBF 564 7.3
14 2017 Ahmadi [17] GEP N.A. 8.1
15 2018 El-hoshoudy [30] GEP 480 6.72
16 2018 Zhong [49] PSO-MKF-SVM 568 7.01
17 2019 Khan [31] ANN 82 241
18 2020 Ali [32] ANFIS 168 N.A.
20 2020 Haji-Savameri [33] MLP-BR 632 5.701
21 2021 Mirzaie [35] Al 681 3.4698
23 2022 Han [36] GA-ANN 721 N.A.
24 2023 Jaghdan [36] DT 789 9.35
25 2026 This study PSONN 880 245
Table S. Estimation errors for predicting the DPP using NLMR and PSONN models
Database NLMR Model PSONN Model Data Samples
APRE% APRE%
Training Data 5.50 2.45 612
Testing Data 5.55 2.48 268
All Data 5.57 2.47 880
Conclusions e Future research should investigate transfer learning

The main conclusions of this study are as follows:

This study developed and evaluated nonlinear
regression and hybrid artificial intelligence models
for predicting dew-point pressure in gas condensate
Teservoirs.

The results displayed the PSONN models can
outperform the NLMR model for both training and
testing data.

Among the previously Al models, the PSONN
displayed the best performance with APRE (2.45 %)
and CC (0.995) values for estimating dew-point
pressure.

The hybrid PSONN framework demonstrated
superior accuracy and stability compared to the
NLMR model and previously published correlations.
The improved performance is attributed to the global
optimization capability of PSO combined with
nonlinear mapping of ANN.

The PSONN technique can be merged in any
program to improve the accuracy of dew-point
pressure and should be taken in consideration into
any production design calculation and gas reservoir
characterization.

strategies and model adaptability to evolving
reservoir conditions.

Abbreviations

ANFIS Adaptive-Neuro-Fuzzy Inference System.
ANN Artificial Neural Network.

NLMR Non-Linear Multiple Regression.
GEP Gene Expression Programming.
CSA Coupled Simulated Annealing.
DT Decision Tree.

GA Genetic Algorithm.

LM Levenberg—Marquardt.

MGGP Multi-Gene Genetic Programming
MKF  Mixed Kernels Function

ML Machine Learning

MLP Multi-layer perceptron

PSO Particle swarm optimization

RBF Radial basis function

SVM Support-vector machines
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List of symbols

APRE Absolute Percent Relative Error.
C Methane mole fraction (Fraction).
C Ethane mole fraction

Cs Propane mole fraction.

Cs Butane mole fraction.

Cs Pentane mole fraction.

Ce Hexane mole fraction.

(7 Heptane plus concentration.

CO, Carbon dioxide mole fraction.
CC Coefficient of determination.
DPP Dew point pressure (psi).

Ei Residual Error

H,S Hydrogen sulfide mole fraction.
MWC7+  Molecular weight of heptane plus (g/mol)
N Nitrogen mole fraction.

RMSE Root mean squared error

SD Standard deviation

SGCr+ Specific gravity of heptane plus (Fraction)
T Temperature (°F)

Y Actual Data

Yopred Predicted Data

n Number of data
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