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The two-phase frictional pressure drop has a dominant effect in many industrial applications associated with the
multiphase flow. This study investigated the accuracy of several available methods for predicting two-phase
frictional pressure drop of different pipe diameters using 4124 experimental data points. It is observed that
the performance of the existing methods is poor in a wide range of operating conditions. Then, several Artificial
Neural Network models were proposed, including six multilayer perceptron (MLP) and one Radial Basis Function
(RBF) using the same data sets. The weights and biases of the ANNs were optimized using Levenberg-Marquardt
(LM), Bayesian Regularization (BR), Scaled Conjugate Gradient (SCG), Resilient Backpropagation (RB), Particle
Swarm Optimization (PSO) and Genetic Algorithm (GA). Statistical error analysis indicates that neural network
incorporated with the Genetic Algorithm (MLP-GA) predicts the entire data set with a Root Mean Square Error of
0.525 and an Average Absolute Relative Error percentage of 6.722. Finally, the sensitivity analysis was carried
out, indicating that the mass flux (G) has the highest direct impact on the two-phase frictional pressure drop.

1. Introduction
Multiphase flow is a simultaneous flow of two or more phases in
many industrial applications (Yan et al., 2018). This flow type is com
mon in science and engineering fields such as petroleum, agricultural,
food science, biomedical and chemical industries. Flowing oil, gas, and
water in subsea pipelines is a typical example of multiphase flow. Ac
curate determination of design parameters such as pressure drop, liquid
hold up, friction factor, bubble size, void fraction, heat and mass transfer
coefficient is required for optimum design of specific application
equipment (Hamad et al., 2017). Among the parameters above, accurate
estimation of pressure drop is paramount for characterization of flow
patterns, estimation of pipe’s wall shear stress and interaction of flow
structure. The primary source of the pressure drop is experimental
studies. The absence of such studies due to the cost, lack of highly
equipped laboratories, and difficulties of collecting data for low mass
velocity and low vapour qualities make using the available literature
models very popular. However, the leading methods in the field often
return the experimental multiphase flow pressure drop with more than
50% error (Moreno Quibén and Thome, 2007a; Ould Didi et al., 2002;
Revellin and Thome, 2007). Interaction between the phases, motion and
deformation of the interface, and non-equilibrium effect are the main

characteristics of multiphase flow, making it complex for modelling
(Angeli and Hewitt, 1998; Hamad et al., 2017; Xu et al., 2012).
The total pressure drop in a multiphase flow system is calculated as
the sum of potential and kinetic energy and friction on the channel’s
wall. This relationship is due to variation between kinetic and potential
energy caused by the friction between the two or more fluids in s
multiphase system, which results in a pressure gradient. This phenom
enon is represented by the sum of the static, momentum and frictional
pressure drop. The latter is the most critical and problematic parameter,
credited to phase inversion and the highest energy loss in a system
(Angeli and Hewitt, 1998; Moreno Quibén and Thome, 2007b). The
focus of this study is modelling frictional pressure drop. The frictional
pressure drop in gas–liquid flow can be expressed as a function of a twophase friction multiplier or two-phase friction factor (Awad and
Muzychka, 2014). The former is the main factor of the separated flow
model (empirical correlations), and the latter is a fundamental param
eter of the homogenous flow model. Based on the above, there are three
distinct methods for measuring frictional pressure drop: empirical,
analytical, and phenomenological (Moreno Quibén and Thome, 2007a).
These methods are briefly discussed in the following sections.
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fl , fg in Eq. (1) and Reynolds number is calculated using classical
Blasius equation with the respective phase physical properties as follow.
⎧
0.079
G(1 − x)D
⎪
⎪
⎪
⎨ fl = Rel 0.25 whereRel =
μl
(4)
⎪
0.079
GxD
⎪
⎪
whereReg =
⎩ fg =
0.25
μg
Reg

Table 1
Value of C for Lockhart Martinelli model in computation of frictional pressure
gradient (Chisholm, 1967).
Liquid

Gas

C

Turbulent
Viscous
Turbulent
Viscous

Turbulent
Turbulent
Viscous
Viscous

20
12
10
5

Where μl and μg are denoted to the viscosity of liquid and gas,
respectively. The dimensionless vapour quality (x) can be calculated as
the ratio of the vapour (gas) flow rate (Mg [kg s− 1]) over total mass flow
rate (Mg + Ml ). Furthermore, the mass flux (G) is a ratio of mass flow
rate over the cross-sectional area (A) of a channel/pipes in (kg/m2s).

1.1. Separated flow models
The fluid flow methods based on a two-phase friction multiplier, also
known as separated flow models, are a common approach for modelling
two-phase frictional pressure drop. These approaches are empirical,
with some of the most important are ((Lockhart and Martinelli, 1949)
Lockhart and Martinelli, 1949; (Bankoff, 1960) Bankoff, 1960; (Thom,
1964) Thom, 1964; (Chisholm, 1973) Chisholm, 1973; (Friedel, 1979)
Friedel, 1979; (Müller-Steinhagen and Heck, 1986) Müller-Steinhagen
and Heck, 1986; (Mishima and Hibiki, 1996) Mishima and Hibiki, 1996;
and (Kim and Mudawar, 2012) Kim and Mudawar, 2012). These cor
relations are very popular due to their user-friendly form, need for less
knowledge of flow insight and sufficient accuracy in many cases.
Nevertheless, the main disadvantage of these empirical correlations is
that their application is limited to a specific range defined by their
original database. In this study, four empirical correlations were utilized
to estimate multiphase flow frictional pressure drop in the horizontal
pipe, discussed in detail hereafter.

x=

(

is liquid phase frictional pressure drop, fl and fg are

single-phase liquid and gas friction factor respectively, G is mass flux, x
represents vapour quality, ρl and ρg stand for density of liquid and gas
respectively and D is the diameter of the pipe. The Liquid and gas fric
tional multipliers are determined from the following simple equations
introduced by Chisholm, (1983).
⎧
⎪
⎨ Φl 2 = 1 + C + 1
X X2
(2)
⎪
⎩ Φ 2 = 1 + CX + X 2
g
Where X is Martinelli parameter and is calculated as follow.
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
( ) ( )̅
dp
dp
X=
/
dx l dx g

(6)

1.1.2. Friedel (1979)
Friedel, (1979) (Friedel, 1979) used an extensive data bank in
different conditions to develop his model for estimating frictional
pressure drop (Friedel, 1979; Hamad et al., 2017; Moreno Quiben,
2005). The author obtained the model by taking into account the effect
of gravity (g) through the Froude number (Fr) and including the surface
tension (σ) and total mass flux by using the Weber number (We); then,
he optimized the two-phase frictional multiplier (Φf 2 ) introduced earlier
by (Lockhart and Martinelli, 1949) Lockhart and Martinelli, (1949).
Using the Friedel model, the two-phase frictional pressure drop for the
liquid phase is determined as follow.
( )
( )
dp
dp
= Φl 2
(7)
dz TP
dz l
( )
where the pressure drops for all liquid flow dp
is calculated as.
dz Liquid

two− phase

dx Liquid

Mg + Ml
A

Performing the above calculations and knowing the density of the
phases, liquid (ρl ) and gas (ρg ), the frictional pressure drop can be
calculated using Eq. (1). The main advantage of (Lockhart and Marti
nelli, 1949) Lockhart and Martinelli, (1949) is that it can be used for all
flow regimes regardless of the patterns. This correlation developed for
horizontal two-phase flow at low pressure, and its application outside
this range is not recommended. Despite the limitation that this method
might exhibit, it is still very prevalent for the perdition of frictional
pressure drop in the industry for practical applications such as nuclear
power plants and heat pump systems and evaporators in refrigeration
(Awad, 2012).

As shown in the following, they assumed that the flow is a single phase in
the channel’s cross-section.
[
]
⎧( )
( )
2
2
⎪
⎪ dp
2 dp
2 2fl G (1 − x)
⎪
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= ΦL
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⎪
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(1)
[
]
(
(
)
)
⎪
2 2
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⎪
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2 2fg G x
⎪
⎪
= Φg
= Φg
⎩
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ρg D
Where

(5)

G=

1.1.1. Lockhart and matinelli (1949)
Lockhart and Martinelli, (1949) is the widely used form of separated
flow model theory, which is developed based on analysis of the twophase flow of air with water, benzene, kerosene and oil mixture in a
circular pipe. They developed their correlation according to two hy
potheses of similarity in static pressure drop regardless of flow patterns
and the fact that the total volume of the pipe is the same as the sum of
the volumes occupied by gas and liquid at any time. Based on that, they
introduced the two-phase flow frictional multiplier and calculated a
( )
dp
two-phase frictional pressure drop dx
for gas and liquid phases.

( dp)

Mg
Mg + Ml

)
dp
2G2
= fl
dz l
Dρl

(8)

In which the liquid friction factor is defined as.
⎧
⎪
⎨
⎪
⎩

fl =

16
forRel < 2000
ReL

fl = 0.79Rel −

0.25

(9)

forRel > 2000

The liquid Reynolds number (Rel ) can be obtained from Eq. (4), then
the frictional two-phase multiplier is correlated as.
Φl 2 = E +

3.24FH
Fr0.45 We0.035

(10)

Froude number (Fr) and Weber number (We) can be calculated as
follow.

(3)

Fr =

Introducing the theoretical basis for Lockhart and Martinelli, (1949)
correlation, Chisholm, (1967) proposed the C values as shown in Table 1
for all flow regimes that may occur in a channel.
2

G2
gDρh 2

(11)
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G2 D

(12)

ρh

ReTP =

In above equations ρh is the homogeneous (mixture) density and
Friedel defined this parameter as follow.
(
)− 1
x 1− x
ρh =
+
(13)

ρg

And the dimensionless parameters of E, F and H in Eq. (8) are
calculated as follow.

ρl fg
ρg fl

(14)
(15)

F = x0.78 (1 − x)0.224
( )0.91
H=

ρl
ρg

( )0.19
×

μg
μl

(
)
μg 0.7
× 1−

μl

(16)

1.1.3. Muller-Steinhagen and Heck (MSH, 1986)
Müller-Steinhagen and Heck, (1986) (Müller-Steinhagen and Heck,
1986) suggested a new correlation for estimating two-phase flow fric
tional pressure drop based on a large data bank containing 9300 mea
surements. They used a combination of air–water, water-hydrocarbons
and refrigerants for pipe diameters of 4 – 392 mm. They empirically
interpolated all liquid and gas flow, as shown in the following.
[( )
{( )
( )
( ) ]} ( )
dp
dp
dp
dp
dp
1/3
= (1 − x)
+ 2x
−
x3
(17)
+
dz TP
dz l
dz g
dz l
dz g

1.3. Numerical model
The numerical model used to calculate the pressure drop is based on
the drift-flux approach proposed by Santim and Rosa, (2016). The model
consists of two mass equations representing the liquid and gas phases
and one equation presenting the flow mixture momentum conservation.
In this model, the effect of non-uniform velocity and void fraction pro
files and the impact of local relative velocity between the phases is taken
into consideration (Hamad et al., 2017). The wall friction force repre
sented by the momentum source term (Fw) is calculated as follow:

where single liquid phase frictional pressure drop is the same as Eq.
(8) and single gas phase frictional pressure drop calculated as follow.
( )
dp
2G2
= fg
(18)
dz g
Dρg
In the above formulations, liquid and gas friction factors and Reynold
numbers can be calculated from Eq. (4).

FW = f

Rem = ρmμ|um |d in which μm = (1 − α)μl +αμg in the range of 0 < α < 1 and it
m
is calculated through Colebrooḱ s equation as follow.

The drift parameters chosen (distribution coefficient, C0, and drift
velocity, ud) were proposed in Choi et al., (2012) and is given by.
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
ρ
1.2 − 0.2 ρg (1 − e− 18α )
2
l
Co =
(25)
( Rem )2 +
( )2
1 + 1000
1 + 1000
Rem
(
)1/4
gσ Δρ
ud = Ccos(θ) + D
sin(θ)
2

ρl

where fTP is two-phase friction factor, and ρTP is two-phase density
expressed in Eq. (20) assuming both phases having the same velocity
(Ducoulombier et al., 2011; Park and Hrnjak, 2007).
x

+

ρl
1− x

0.079
ReTP − 0.25

(26)

It must be mentioned that the correlation is flow pattern indepen
dent. In above equation, the subscripts g, l and m represent the gas,
liquid and gas–liquid mixture, respectively; α stands for void fraction, ρ
is the density, μ is the viscosity, σ is the surface tension and g is the
gravity force. The constants C and D on the drift velocity relation are
given as 0.0246 and 1.606 from the experimental database presented in
Balcilar et al., (2012).
The numerical scheme is explicit (upwind first order) and must
satisfy a CFL (Courant-Friedrichs-Lewy) condition as a stability criterion
(
)
|λmax | ΔΔxt < 1 . A spatial mesh with 100 nodal points is chosen after a

(20)

fTP is calculated from classical Blasius equation with two-phase
Reynolds number.
fTP =

(24)

2D

fraction, f represents the friction factor and D is the inner diameter of the
pipe. The friction factor (f) depends on Reynolds number of the mixture

The homogeneous approach is one of the widely used and simplest
techniques to estimate the frictional pressure drop. In this model, the
assumption is that the liquid and gas (vapour) move at similar velocities
with no slip between them (Awad, 2012; Hamad et al., 2017). Hence, the
model is also known as the zero slip model. Unlike the separated flow
model, in the homogeneous method, two-phase flow is counted as a
single-phase with a mean value of physical properties of each phase.
Consequently, the classical single-phase equation shown below is used
to calculate the two-phase frictional pressure drop.
( )
dp
2fTP G2
=
(19)
dz TP
DρTP

ρg

ρm |um |um

where um = (1 − α)ul +ug represents the mixture velocity,
ρm = αρg +(1 − α)ρl is the specific mass of mixture in terms of the void

1.2. Homogeneous flow model

ρTP =

(22)

μTP

Xu et al., (2012) identified eight homogeneous models in literature
with only two-phase viscosity (μTP ) variation in their formulation. Twophase viscosity is required for computing two-phase Reynolds number.
The models are including (McAdams et al., 1942) McAdams et al.,
(1942), (Cicchitti et al., 1960) Cicchitti et al., (1960); (Dukler et al.,
1964) Dukler et al., (1964); (Beattie and Whalley, 1982) Beattie and
Whalley, (1982); (Lin et al., 1991) Lin et al., (1991); (Awad and
Muzychka, 2008) Awad and Muzychka, (2008) and (Shannak, 2008)
Shannak, (2008). The proposed two-phase viscosity expressions are
primarily empirical and developed as a vapour quality function (x).
Furthermore, apart from (Awad and Muzychka, 2008) Awad and
Muzychka, (2008) other definitions of mixture viscosity mentioned
above do not satisfy the condition where vapour quality is unity (x = 1)
and zero (x = 0) resulted in (μg = μl ). Hence in this study, the proposed
two-phase viscosity correlation of Awad and Muzychka, (2008) shown
in Eq. (23) was employed.
)
(
2μ + μg − 2 μl − μg x
)
(
(23)
μTP = μl l
2μl + μg + μl − μg x

ρl

E = (1 − x)2 + x2

GD

(21)

The two-phase flow Reynolds number can be determined using
following expression.

mesh test to obtain a numerical solution on pressure drop along the
pipes. When the transient simulation reaches the steady-state, the solver
is halted, and the results are recorded.
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Table 2
Detailed statistical description of the collected data bank used for developing the models.
Statistic metrics

Vgas m/s

Vliq m/s

X

G
kg/m2s

d
mm

μliq Pa.s

μgas Pa.s

ρliq kg/m3

ρgas kg/m3

dP/dxPa/m

Mean

10,633

122.46

0.32

503

49.33

7E − 5

1.6E-05

1125

51.85

122,875

Standard Error

1197

5.33

0.004

8.41

1.22

3.7E − 5

1.33E-07

2.63

1.97

8657

Median
Mode

14.25
0.013

5.70
0.005

0.24
0.01

350
300

6.1
203

19E − 3
16E − 3

18E-4
1.85E-05

1062
1000

32.4
1.225

2119
3087

Kurtosis
Skewness
Minimum

105.11
9.92
0

20.02
4.06
0.005

− 1.16
0.49
0

16.83
3.31
0.33

− 0.03
1.36
0.30

45.26
6.76
63E − 4

141.7
11.21
1E-05

7.68
2.46
998

38.10
6.04
1.225

80.46
7.67
0.53

Maximum

875,385

2357

0.993

5266

203

0.0181

12E-3

1850

272

901,236

1.4. Soft computing approach

data. Balcilar et al., (2011) developed four ANNs to predict pressure
drop and heat transfer coefficient of R134a in the downward position of
a copper tube. They concluded that the developed AI-based models
outperform the available correlations. In another comprehensive study
conducted by (Balcilar et al., 2012) two models of ANN and non-linear
least-squares regression were developed to predict R125, R32, R410A,
R507a, R134a, R22, R502, R32/R134a, R407C and R12 in smooth
micro-tubes. Zendehboudi and Li, (2017) used 700 data points and
developed four ML techniques of genetic algorithm-least square support
vector machine (GA-LSSVM), particle swam optimization-artificial
neural network (PSO-ANN), genetic algorithm-power law committee
with intelligent systems (GA-PLCIS) and hybrid approach-adaptive
neuro-fuzzy inference system (Hybrid-ANFIS) to estimate the total and
frictional pressure drop of R134a in inclined smooth tubes. In another
recent study by (Abadi et al., 2018), an adaptive neuro-fuzzy inference
system (ANFIS) was employed to predict heat transfer coefficient and
pressure drop of R134a flow in a smooth inclined tube.
To conclude the previous research, it has been confirmed that soft
computing approaches are a promising tool for solving complex nonlinear problems (Faraji et al., 2022). Most of the previous studies are
mainly focused on characterizing multiphase flow as a function of flow
regimes, and multiphase flow frictional pressure drop has given less
attention. To the best of our knowledge, there is no soft computing
model in literature to use hybrid ANN to predict frictional pressure drop
during horizontal flow, which is currently in demand by engineers and
designers in the industry.
In the current study, two neural network models integrated with six
optimization algorithms were developed to predict frictional pressure
drops in horizontal pipes with various diameters. The proposed ML tools
in this study were developed by considering nine parameters of gas and
liquid velocities, vapour quality (x), mass flux (G), inner pipe diameter
(din), gas and liquid viscosities and gas and liquid densities as input
variables and two-phase pressure drop as output variable. The advan
tage of the developed soft computing methods in this research over past
studies is that these methods are independent of the flow pattern.
Furthermore, the proposed tools do not require tedious and timeconsuming calculations and work with practical and straightforward
code. For this purpose, 4124 data points from open literature were
collected to train and test the methods. The accuracy and robustness of
the developed methods for predicting frictional two-phase pressure drop
were evaluated using statistical and graphical error metrics. The accu
racy and superiority of the developed AI tools over well-known existing
literature models were proven for a wide range of operational condi
tions. Finally, the influence of each input parameter on the estimation of
frictional two-phase pressure drop was examined by implementing a
technique called sensitivity analysis.

Recent advancements in soft computing methods motivated many
scholars to use this approach as a promising tool to handle highly
complex, non-linear and dynamic problems for numerous critical in
dustrial applications (Yan et al., 2018; Zhi et al., 2022). They are also
known as artificial intelligence (AI), Machine Learning (ML) or datadriven techniques. The methods are based on sets of input and output
data that have been collected during experimental investigation or from
past studies (Flach, 2012).
The collected data, including inputs and outputs, are used to train a
computer (machine) using specific algorithms and statistical constraints.
The training aims to build an ML model that can predict future events
(outcomes). Such a model is purely data-driven, and learning is achieved
by finding the relationship between the input and output parameters
(Faraji et al., 2022, 2020). Some examples of the ML methods in the
literature include Artificial Neural Networks (ANN), Support Vector
Machine (SVM), Deep Learning (DL), Evolutionary Algorithms, Genetic
Programming and Fuzzy Logic. The advantage of these approaches over
conventional techniques is that they can model complex problems with
high accuracy, regardless of the underlying physics and with minimum
computational time (Kim et al., 2021; Zendehboudi and Li, 2017).
Baba et al., (1991) made one of the early attempts to characterise the
multiphase flow using machine learning. They developed an ANN to
identify flow patterns as a function of gas and liquid flow rates during a
multiphase flow in horizontal pipes. Following (Baba et al., 1991),
Kohonenself-organising neural network was used by Cai et al., (1994) to
identify flow regimes in horizontal air–water flow. Then Mi et al., (1998,
2001) developed two supervised and self-organised neural networks to
identify air–water flow regimes in a vertical pipe. Xie et al., (2004)
employed ANN for the classification of flow patterns during the threephase flow of gas/liquid and pulp fibre based on pressure signals as an
input parameter. Sun and Zhang, (2008) ( employed a three-layer feedforward neural network to identify flow patterns in horizontal air–water
flow. Rosa et al., (2010) developed several ANN and fuzzy inference
systems (FIS) to track multiphase flow regimes in the upward vertical
air–water mixture. Al-Naser et al., (2016) built an ANN model as a
function of gas and liquid Reynolds number and pressure drop multi
plier. Azizi et al., (2016) implemented ANN to predict water hold up in
the inclined and vertical oil–water flow.
Fu and Li, (2018) proposed an ANN method to identify gas–solid flow
patterns in horizontal pipes. In all the above studies, the multiphase flow
was primarily characterized by identifying flow patterns; hence, they are
flow patterns dependent. For the concept of two-phase flow frictional
pressure drop using AI models, Osman and Aggour, (2002) used 252
field data sets to develop an ANN model to predict multiphase flow
frictional pressure drop in horizontal and near-horizontal pipes. They
compared the obtained results of ANN to empirical and mechanistic
models and reported better agreement of the ANN with experimental
4
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2. Data bank

testing, where each subgroup covers a certain percentage (80% for
training and 20% for testing). Random data splitting is critical in
developing intelligence models to eliminate the risks of overfitting
(Haykin, 2005; Majidi et al., 2014). As the statistical information of the
data in Table 2 indicates, the features (inputs and outputs) have a wide
operational range. This makes the training of the ML algorithms slow
and affects the performance of the trained networks in the testing stage
(Al-Naser et al., 2016). Hence normalisation of the data was performed
to make the features similar scale. For this purpose, the min–max
method of normalisation was used to rescale the entire data set between
0 and 1 as follows.

The comprehensiveness of the data to develop any data-driven model
would influence its prediction accuracy. Larger data bank that covers a
broader range of operating conditions ensures the robustness of the
models (Chen et al., 2014; Hajirezaie et al., 2015; KarkevandiTalkhooncheh et al., 2017). There is numerous published measured
experimental frictional two-phase pressure drop. Hence, to develop a
robust model that well predicts frictional two-phase pressure drop in
horizontal pipes, a comprehensive experimental data bank consisting of
4124 data points from 19 references have been collected. The data
coveres 18 different fluids, including air, water, oil, ethanol, CO2, Flu
orinert FC-40 and refrigerants (R22, R410A, R134A, R134 R245Fa,
R404, R12, R113, and R14). This data bank is the first of its kind to
consider such a large volume of the experimental pressure drop for
developing machine learning models. Table 2 illustrates the detailed
description of a utilized data source. It describes the data in terms of
fluid type, fluid properties (viscosities, densities and velocities), vapour
quality (x), mass flux (G), pipe diameter (d), frictional two-phase pres
sure drops and the number of data points. The collected parameters are
fundamental variables in almost all available frictional pressure drop
models in the literature (Awad and Muzychka, 2008; Barraza et al.,
2016; Friedel, 1979; Ishii, 1977; Lockhart and Martinelli, 1949; Moreno
Quibén and Thome, 2007a; Müller-Steinhagen and Heck, 1986; Ould
Didi et al., 2002). Hence, in the current study, these crucial parameters
are considered the input variable of the developed soft computing
models. Consequently, the following relation for independent input
variables and dependant output has been developed.
dp
dx two−

phase

′

X =

X − Xmin
Xmax − Xmin

(27)

where X is the normalized data, X is original data, Xmax and Xmin are
the maximum and minimum values of the features respectively. The
normalization makes the independent (input) and dependant (output)
parameters dimensionless.
′

3. Model development
3.1. Multilayer perceptron (MLP) neural network
Artificial Neural Networks (ANNs) are a type of artificial intelligence
(AI) technique that mimics the central nervous system, in particular, the
brain in the human body (Bell, 2014). These networks can learn,
remember and recall the information needed (Shokrollahi et al., 2013).
They are massively parallel distributors, well known for generalization
capability, learning adaptability, and storing large amounts of infor
mation. In addition, ANNs can provide robust models for the data that
have very non-linear properties between the variables (Bell, 2014). On
the other hand, ANNs differ from other algorithms (e.g., decision trees)
in terms of stability characteristics, as the ANN models harvest better
performance when more data is provided in the training stage.
The most common type of neural networks is Multilayer Perceptron
(MLP), cascade forward neural network (CFNN) and Radial Basis
Function (RBF). The main difference between these networks is how
they process the data. The simplest form of MLP consists of one single
input layer, one hidden layer and one output layer. Generally, the per
formance of the single hidden layer MLP neural network is good enough
for the generalization of most problems (Hemmati-Sarapardeh et al.,
2018). If the problem is highly complex, an additional layer is added

)
(
= f Vliq , Vgas , X, G, Din , μliq , μgas , ρliq , ρgas

In Table 2, the skewness of the data indicates the degree to which the
given distribution of the data deviates from the asymmetry (normal)
distribution. A zero skewness represents a normal distribution, while
other distributions can exhibit some degree to the right (positive) or left
the (negative) distribution of the data. The degree of the skewness to the
left and right determines the size of the probability density to the right
and left. The shape of the data distribution is shown by the Kurtosis,
where the normal distribution has a zero kurtosis while the negative
exhibits a flatter distribution and the positive indicates higher peak
distribution (Hemmati-Sarapardeh et al., 2018; Rostami et al., 2018).
The data bank is randomly split into two subsets of training and

Fig. 1. Initial multilayer perceptron neural networks proposed for prediction of two-phase frictional pressure drop.
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Fig. 2. The developed RBF neural network for the prediction of frictional two-phase pressure drop.

with various neurons to the network to improve the accuracy. Some
links known as weights connect these layers to the subsequent layers.
Numeric digits define the weights to determine the strength or weakness
of the links. The summation of the weighted inputs and bias value in
each layer would determine the network’s output for a specific layer.
Then an activation function (transfer function) is applied as the infor
mation is transferred to the next layer (Mitchell, 1997). The activation
function (f) establishes a mathematical relationship between input (x)
and output variables, which can be linear, sigmoid and tan hyperbolic.
The most common types of activation functions are defined in the
following.
(28)

Linear = f (x) = x
Sigmoid = f (x) =

1
1 + e−

x

2
1 + e−

(29)
(30)

Sinusid = f (x) = sin(x)
Tansig = f (x) =

The above MLP topology consists of several layers. The first layer is
known as the input layer corresponding to the input data; the middle
layers are known as the hidden layers, representing the computational
operation of the network and the output layer, which determines the
network’s output. An MLP with one hidden layer is accurate enough to
generalize many problems; however, an extra layer/s might be added to
the network (Azizi et al., 2016; Faraji et al., 2022; Louridas and Ebert,
2016). The number of hidden layers and neurons in each layer is entirely
problem dependent and can be determined empirically (Haykin, 2005;
Schmidhuber, 2015). In this study, initially, the best topology of the MLP
in terms of hidden layer and number of hidden neurons was developed
by deploying a trial-and-error scheme.
To further enhance the prediction capability of the developed MLP
neural network, the network’s weights and biases were initialized and
combined with two evolutionary algorithms of particle swarm optimi
zation (PSO) and a Genetic algorithm. The objective function of the
optimization of the weights and biases was the mean square of the error
between experimental data and predicted data by the network.

2x

− 1

Arctan = f (x) = tan− 1 (x)

(31)

3.2. Radial-basis function neural network

(32)

Radial-basis function was initially introduced for solving multivar
iate interpolation problems in Powel, 1985 (Powell, 1985) and later
exploited to design neural networks in 1988 by Broomhead and Lowe,
(1988) (Broomhead and Lowe, 1988). The RBF is one of the wellestablished forms of neural network used for both classification and
regression. The network is used for complex pattern-recognition and
regression tasks solving the problems by transforming them into highdimensional space in a non-linear manner. It would approximate any
continuous random function with random precision (Zhao et al., 2015).
The critical advantage of RBF over other neural networks are higher
generalization capability, well tolerance ability to the input noises,
adaptability to the patterns that were not used in the training phase,
simpler network architecture and faster training procedures. (Montazer
et al., 2013; Santos et al., 2013; Tatar et al., 2013). For the stated rea
sons, the RBF networks have been used in many engineering applica
tions (Bobillo and Straccia, 2013; Hemmat Esfe et al., 2021; HemmatiSarapardeh et al., 2018; Karimi and Yousefi, 2012). The most basic
RBF network consists of three feed-forward input layers hidden layer
and the output layer. The schematic illustration of RBF with one hidden
layer is illustrated in Fig. 2. The input layer with n input nodes is
responsible for propagating the input vector to the hidden (intermedi
ate) layer. The hidden layer is the main feature that differentiates the
RBF network from other neural networks. This layer is composed of
nonlinear units that are directly connected to the nodes of the input

If we assume an MLP network with only one hidden layer embedded
with tansig and sigmoid activation functions and linear function for the
output layer, the network’s output is mathematically defined as follows.
output = purelin(w2 × (sigmoid(xw1 + b1 ) + b2 ) )

(33)

where b1 and b2 represent bias coefficients of hidden and output
layers, w1 and w2 are weight matrixes of hidden and output layers
respectively.
Adjusting the network’s weights and biases helps reduce the error
between predicted and desired output and make the ANN model learn in
the training stage (Faraji et al., 2020). The trained model is precarious in
the first iteration and performs poorly because of unadjusted weights
and biases (Mitchell, 1997). As the learning continues, the values of
weights and biases are adjusted at each iteration until the model pro
vides the minimum error before the stopping criterion condition is met.
Once the model is built, the initial training should be performed using
training algorithms. Among many optimization algorithms, the three
best methods are backpropagation (BP), Stochastic Gradient Decent
(SGD) and Newton method that can be used to train the ANNs.
Initially, an MLP neural network with the topology shown in Fig. 1
was developed to predict frictional two-phase pressure drop in hori
zontal pipes.
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layer. Then the output of the nodes in the input space is transformed into
the higher non-dimensional space (Zhao et al., 2015). Each node in the
hidden layer represents a data cluster that is centred at a specific dis
tance with respect to the given radius (Yu et al., 2008). The radius can be
calculated if the centre vector has the number of cluster centres repre
sented by cij, where j is the number of centre vectors (J = 1,..,N). It
should be highlighted that the number of N in RBF networks should be
less than the number of input data used for training. For example, if we
have a model with 4 inputs and 100 data points for training, i is equal to
1 to 4, and N has to be lower than 100. Then the Euclidian principle is
applied to compute the distance of each node in a hidden layer from the
input vector (xi) as follows.
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑p (
)2
Euclidiandistance(Di ) = ‖x − cj ‖ =
xi − cij
(34)
i=1

The algorithm combines the Gauss-Newton method and gradientdescent method, making it a powerful technique to search for local
minima in nonlinear least-square minimization problems. This local
minima is not necessarily a global minimum. Unlike Gauss-Newton’s
method, the LM does not require computation of second derivative
matrix or known as Hessian matrix. If the sum of the square errors de
termines the network’s performance, then the Hessian matrix in the LM
method is calculated as follows.
{
H = JT J
(37)
g = JT e
where J is a Jacobian matrix containing first-order derivatives of
trained networks error with respect to weights and biases, e is a vector of
the errors, and H is a Hessian matrix. The LM method determines the
relation between inputs and outputs variables of the network according
to the above approximation and computes the weights in each iteration
as follow.
[
]− 1
Wk+1 = Wk − J T Wk JWk − μI
× J T Wk eWk
(38)

where Di represents the Euclidian distance between input vector ×
and cluster data centres for a number of input variables (p). A radial
basis transfer function is applied to transfer the above Euclidian distance
from the neurons in the input layer to the output. The most common type
of radial basis transfer functions are linear, cubic, thin plate spline,
Gaussian, multi-quadratic, generalized multi-quadratic and inverse
multi-quadratic functions (Haykin, 2005). To provide a smoother
behaviour the Gaussian function has been applied as follows (Ahmadi
and Ebadi, 2014; Hemmati-Sarapardeh et al., 2018).
( 2)
r
φ(Di ) = exp
(35)
2σ 2

where W is connection weights of the networks during k +1th and kth
iterations, I represents identity matrix (diagonal of the matrix) and μ is
the stabilizer constant or damping parameter. This stabilizer is the main
difference between the LM and Gauss-Newton method which enables LM
algorithm to alter the searching method (Andrieu et al., 2001; More,
1977). In a comparison study by Piotrowski and Napiorkowski, (2011)
(Piotrowski and Napiorkowski, 2011) the LM algorithm proved superior
over the other eight evolutionary algorithms for training the ANN net
works. The weights and biases of the developed ANN network were
further optimized by two evolutionary algorithms of particle swarm
optimization and genetic algorithm (Zhou et al., 2020). This is to create
ensembles of MLP-PSO and MLP-GA, which deals with highly non-linear
problems.

where σ is the spread coefficient of the function, and it should be σ >
0. The σ determines the width of bell-shaped function. The value of the
φ(Di ) is between 0 and 1. The φ(Di ) is maximum when cj = x and it
minimises with increasing r. When the |D| is infinity (∞) then φ(Di ) is 0.
This results in activation of the neurons in hidden layer by vector × close
to the gaussian radial basis function. The output of the RBF neural
network is calculated as follow.
N
∑

yk =

(⃦
)
ωj ∅kj ⃦xk − cj ‖ j = 1, ⋯Nandk = 1, .., M

4.2. Bayesian – Regularization (BR)

(36)

Minimization of the cost function in MLP neural network using
Levenberg – Marquardt algorithm is achieved by backpropagation
method. The minimization of the sum of square error is performed in an
iterative procedure where a stopping criteria was defined. This is
accomplished by using validation data set, which is not used in devel
oping the trained model (Burden and Winkler, 2008). The model itera
tion is stopped when the square error of the validation data set is
achieved minimum. Continuing the training (more iterations) would
lead to over-train the model, increasing the squared error and providing
a less accurate model. Furthermore, the validation data set are chosen
randomly, which is normal to repeat the whole computation procedure
and might cause overfitting (Foresee and Hagan, 1997). Hence to
overcome this problem Mackay (1992) proposed Bayesian – Regulari
zation algorithm for use in neural networks, which does not require
validation data set. Instead, the method incorporates Bayes’s theorem
into the regularization scheme by adding two extra hyper parameters (β
and α) to the cost function (Sw) as follow.

j=1

In the above equation, c is the cluster centre, N is the number of
neurons, and ω is each neuron’s weight. The distance between the
cluster centre of input data (training) and centre of radial function is
represented by ‖xk − cj ‖. The accuracy of the RBF function is a function
of spread coefficient (σ ) and number of neurons in hidden layer (N).
As mentioned before the number of neurons in the hidden layer can
be the same as the number of training data sets. A higher number of
neurons might increase the accuracy, but it makes the network more
complex. In addition, in respect of spread coefficient, a smaller coeffi
cient would lead to a larger network and slower execution, but higher
accuracy and wise versa. To achieve the best topology of the network
that return the desired outputs in the training and testing stages, the
aforementioned two parameters were optimized. The traditional
approach for optimizing these parameters consists of an empirical
method where a trial and error scheme can be implemented (Abadi
et al., 2018; De Freitas, 2003). In this study, a trial and error scheme was
developed to find the best topology for the RBF network.

ND
∑

Sw = β
i=1

4. Optimization methods

[yi − f (Xi )]2 + α

Nw
∑

wj 2

(39)

j=1

where NW is the number of weights, yi is experimental data, f(Xi ) is
the output of model in the matrix of ND, wj is weight matrix of training
data set. The initial values of hyperparameters α and β can be randomly
defined for instance 0 < α < 10 and 100 < β < 500 or using multiple
linear regression to estimate them. During the iterations, these values
are optimized appropriately to satisfy the minimization of the cost
function. Then the Hessian matrix is used to update the weight matrix in
the same way as the LM algorithm. However, unlike the LM, in BR, the
regularization pushes the unnecessary weights toward zero or, in other
words, eliminate them to prevent overfitting (Foresee and Hagan, 1997).

4.1. Levenberg – Marquardt (LM)
Levenberg–Marquardt (LM) is one of the widely used optimization
algorithms for computation of weights and biases in any neural network
structure (Gavin, 2019; Hagan and Menhaj, 1994). LM algorithm is
introduced by Levenberg, (1944) and is well known for rapid conver
gence and better performance in establishing a relationship between
inputs and output variables than traditional gradient descent methods.
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values are found. These two fitness values are the best position that has
been visited by each particle (pbest) and the global best position that has
been achieved so far by the flock (gbest). The velocity (V) and location
(X) of each particle in search space are calculated using two equations.

4.3. Scaled conjugate gradient algorithm
In backpropagation gradient descent, the direction vector is the
negative of the gradient vector to adjust the weights along the path to
the steepest point. Consequently, the approach taken to achieve the
solution may take the zigzag path, which may take longer to converge
(Haykin, 2005). To overcome this issue and to achieve faster training,
the scaled conjugate gradient is proposed in which the direction of the
weight and gradient vector is combined. If P(n) denotes the direction of
a vector at iteration n of the algorithm, then the weight vector is updated
as follows.
w(n + 1) = w(n) + φ(n)P(n)

Vi (t + 1) = w.Vi (t) + c1 .rand1 .(pbesti (t) − xi (t) ) + c2 .rand 2 (gbesti (t) − xi (t) )
(43)
X(t + 1) = Xi (t) + Vi (t + 1)(i = 1⋯.N)

where Vi is initial velocities (previous velocities “t”), and (t = 1)
represents new velocities, w is inertia weight of each particle among N
number of particle, c1 and c2 are learning factors that determine the
relative influence of the social and cognitive components. A cognitive
term expresses the particle’s own experience, whereas a social term
expresses the collaboration among the particle (global effort). To start
the iterations, two random numbers (rand1 and rand2) between 0 and 1
are introduced. The exploration efficiency of the algorithm is assessed
using updated weight function. The optimum weights are calculated
utilizing searching global minima mechanism (Faraji et al., 2022).

(40)

where φ(n) is the learning rate parameter; the initial direction vector
P(0) also known as conjugate direction, in the above equation is set
equal to the negative gradient vector g at the initial point of 0 as follows.
P(0) = − g(0)

(41)

Learning rate can be computed by using the line search method
where the optimum distance is determined to more along the current
search direction (Ki and Uncuo, 2005). Then, a linear combination of the
current gradient vector and the previous direction vector for each suc
cessive direction vector is established and calculated as follow.
P(n + 1) = − g(n + 1) + β(n)P(n)

(44)

4.6. Genetic algorithm
Genetic algorithm (GA) is another evolutionary algorithm initially
developed based on natural selection and the theory of genetics. This
algorithm is a powerful parallel, a global randomized searching algo
rithm that received widespread attention among scholars for optimiza
tion problems in various fields of science and engineering. The
optimization of a problem in GA is carried out in three steps selection,
crossover and mutation. In the process, a population of possible solu
tions known as phenotype or individuals are initialized from the former
generation (i.e., parents) and progressed toward the next generation (i.
e., offspring) for a better solution. In the selection process, parent
chromosomes from a current population are selected. Chromosomes
with the highest fitness value (a value close enough to the objective
function) have higher selection probabilities. A fitness function can
calculate the fitness value of each chromosome. Then, in the crossover
process, the chromosomes are combined with two fittest individuals,
and their genetic information swaps to form the next-generation
offspring (new population). In this step, all chromosomes are crossed
over with the cross over the operator. Then, to prevent premature
convergence and maintain the diversity, some crossed-over offspring are
subjected to mutation. The new generation is used for the next iteration
and the whole process until the optimum solution is found.

(42)

where β(n) is a time-varying parameter, and the method taken to
compute the β(n) will determine various forms of a conjugate algorithm
(Ki and Uncuo, 2005). Previous studies (Johansson et al., 1991; Kramer
and Sangiovanni-Vincentelli, 1988) show that the scale conjugate
gradient algorithm is faster than the typical backpropagation algorithm,
however, it is computationally complex. Further information about the
algorithm can be found in (Møller, 1993).
4.4. Resilient backpropagation algorithm
In multi-layer perceptron, neural networks sigmoid or tansig are
used in hidden layer/s as an activation function. The role of these acti
vation functions is to squash the infinite inputs to finite outputs. When
larger inputs enter the function, the slope of sigmoid or tansig ap
proaches zero. Using the steepest descent would be problematic because
the gradient can have a minimal effect and little influence on weights
and biases. A resilient backpropagation algorithm was proposed to
eliminate the negative effect of the small magnitudes of the partial de
rivatives. In this method, only sign of each derivative is used to update
the weight matrix’s direction in each layer. A full detailed description of
the algorithm can be found in (Riedmiller and Braun, 1993).

5. Results and discussions
In this study, 4124 frictional pressure drop data points covering a
wide range of operating conditions from 19 sources were collected to
develop several soft computing models that accurately predict multi
phase flow frictional pressure drop in horizontal pipes. After assigning
nine input parameters of liquid and gas velocities, viscosities, densities,
vapour quality, mass flux and inner pipe diameter, seven ML models
were developed; six of them are MLP neural networks optimized with
LM, BR, SCG, RP, GA and PSO and one RBF neural network. The data
bank was randomly divided into two subsets of training (80%) to
develop the models and the remaining 20% to test the performance of
the models. The entire data bank was randomized and reshuffled to
improve the stability and performance of the trained neural networks.
This also helped to prevent the clustering of data points in one specific
region. A trial and error scheme was developed to obtain the optimum
topologies of the proposed neural networks. A different number of
hidden layers and number of neurons were used to train the proposed
networks throughout the scheme. The results of the scheme indicated
that the most efficient network is an MLP network with a maximum of
two hidden layers. In addition, the best transfer function in the devel
oped MLP networks for the first and second hidden layer was the

4.5. Particle swarm optimization (PSO)
Based on the natural swarming and flocking of the birds, fish and
insects, an evolutionary algorithm known as particle swarm optimiza
tion was introduced by Eberhart and Kennedy (1995). An example to
explain the basic principle behind the PSO is searching for food by a
flock of birds. When the birds search for food, none of the birds knows
where the food is, but they all instinctively know the approximate dis
tance to the food source. Therefore, they initially move toward the food
source at random velocities; however, after a while, based on flying
experiences and other birds’ experiences, they follow the birds closest to
the food (Kennedy and Eberhart, 1995; Khanna et al., 2015). This trend
continues and is updated until they all successfully find the food source.
A fitness function in PSO is equivalent to the distance of the birds from
the food source. The algorithm is initialized with random solutions
called particles in the search space. All particles have random velocities
and locations in space. At each iteration, the fitness function is used to
calculate the fitness values for each particle until the two best fitness
8
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Table 3
Detailed statistical description of the normalized data bank used for developing the models.
Statistic metrics

Vgas

Vliq

X

G

d

μliq

μgas

ρliq

ρgas

dP/dx

Mean

0.0519398

0.318821

0.095536

0.24217

0.03727

0.05413

0.14901

0.05528

0.12628

0.01215

Standard Error

0.00226

0.0048803

0.001596

0.00604

0.0021

0.00114

0.00309

0.002151

0.0008896

0.00137

0.0024165
0.00
20.0287
4.067
0.00
0.9999978

0.2442730
0.00100676
− 1.16
0.4999
0
1

0.06639
0.056903
16.8381
3.3064
0
1

0.02861
1
− 0.029
1.3574
0
1

0.00738
0.00561
45.26
6.7689
0
1

0.06581
0.07012
141.69
11.219
0
1

0.074533
0.00121
7.689
2.46
0
1

0.03404
0
38.107
6.0432
0
1

0.0002178
0.000317
80.4879
7.6726
0
1

1.6E-05
1.5E-08
105.101
9.924
0
1

Median
Mode
Kurtosis
Skewness
Minimum
Maximum

Table 4
Statistical error analysis of the developed models for estimation of two-phase
frictional pressure drop in horizontal pipes.
Developed Model

Data set

RMSE

AARE%

R2

MLP-LM
(9–15–1)

Training
Testing
Total
Training
Testing
Total
Training
Testing
Total
Training
Testing
Total
Training
Testing
Total
Training
Testing
Total

1.34
0.0581
1.57
0.8750
0.1755
0.4675
3.56
2.04
3.33
2.98
1.75
2.68
0.891
0.983
0.692
3.0394
1.6358
2.9267

3.61
3.97
5.93
3.76
0.9050
3.35
13.85
8.70
13.45
12.66
7.91
11.86
3.981
4.992
3.192
19.36
17.39
19.35

0.7702
0.9477
0.7310
0.8595
0.9241
0.8645
0.6156
0.7759
0.6388
0.7184
0.6272
0.5580
0.7874
0.7163
0.7688
0.5184
0.7444
0.5247

Training
Testing
Total

0.759
0.1751
0.5257

0.533
0.376
6.72

0.8778
0.9707
0.8511

MLP-BR
(9–15–35–1)
MLP-SCG
(9–15–1)
MLP-RP
(9–25–20–1)
RBF
MLP-PSO

MLP-GA

Table 5
Statistical error comparison of best developed method and existing literature
models.

∑N (dp
R2 = 1 −

(i) − dp/dxExp
(
)2
dp
(i) − dp/dxExp
dxpred

i=1

dxpred

RMSE

AARE
%

Homogeneous model of (Cicchitti et al., 1960)
Homogeneous model of Awad and Muzychka, (2008)
Lockhart and Martinelli, (1949)
Friedel, (1979)
Müller-Steinhagen and Heck, (1986)
Drift Flux model of Santim and Rosa (2016), 424 data points
Proposed MLP-GA model (all data sets)

4.706
6.408
1.544
16.912
27.47
2.9685
0.525

90.47
100.17
62.05
316.51
477.34
47.33
6.72

network optimized with genetic algorithm (MLP-GA) has the best output
with RMSE of 0.759, 0.1751 and 0.5257; AARE% of 0.0240, 0.0108 and
0.0227; R2 of 0.8778, 0.9707 and 0.8511 for training, testing and total
data sets respectively. Hence, this model has been selected to be used as
a tool for the prediction of frictional two-phase pressure drop. The MLPGA is followed by MLP-BR, RBF, MLP-PSO, MLP-LM, MLP-SCG and MLPRP.
It should be noted that the initial values of weights and biases, which
were randomly assigned to the networks, have affected the performance
of the models. Hence, to overcome this problem, each network was run
30 times to obtain the optimum values of the weights and biases, and the
best networks were saved as the final choice.
The entire data set was used to compare the performance of MLP-GA
against the homogeneous model, the homogeneous model, (Awad and
Muzychka, 2008) Awad and Muzychka, (2008), (Lockhart and Marti
nelli, 1949) Lockhart and Martinelli, (1949), (Friedel, 1979) Friedel,
(1979), (Müller-Steinhagen and Heck, 1986) Müller-Steinhagen and
Heck, (1986) and numerical drift flux model proposed by (Santim and
Rosa, 2016) Santim and Rosa, (2016). Two statistical parameters of
RMSE and AARE% were selected for this comparison, and the results are
illustrated in Table 5. As can be the seed from this table, MLP-GA out
performs all other models in the prediction of two-phase flow pressure
drop with lowest RMSE and AARE%. The results of this table also
highlight the fact that using existing homogeneous and separated flow
models for the prediction of horizontal two-phase flow for a wide range
of operating conditions is associated with the substantial error. High
positive AARD% indicates that these methods generally underestimate
the horizontal two-phase flow pressure drop. Table 5 also shows that the
drift flux model of (Santim and Rosa, 2016) is only predicting 424
frictional two-phase flow pressure drops. Furthermore, the results reveal
that Lockhart and Martinelli, (1949) perform better than other models
with an RMSE of ~ 1.544.
To visualise the performance of the proposed model and compare it
to the literature methods graph of cross plots for proposed MLP-GA and
employed well-known literature models were generated and presented
in Fig. 3. The margin error of each model has been identified and added
to the cross plots. Accumulating of the data along a zero error line
known as a 45-degree line indicates the good prediction ability of the

sigmoid (non-linear) and purlin (linear) function for the output layer.
The results of the scheme revealed the best topology of the MLP-LM,
MLP-BR, MLP-SCG, MLP-RP, MLP-PSO, MLP-GA and RBF are 9–15–1,
9–15–35–1, 9–15–1, 9–25–20–1, 9–10–1, 9–10–1; and 9–20–1, respec
tively. In the developed topologies, the first number represents the
number of inputs (9), the number of neurons in the second and third
layer is represented by the second and third number, respectively, and
the last number is the number of output (1).
Statistical parameters of root mean square of error (RMSE), average
absolute relative error percentage (AARE%) and coefficient of deter
mination (R2) presented in Eq. (45) to Eq. (47), respectively, were
considered to evaluate the performance of the developed models.
Table 3 summarizes the statistical performance of the developed models
for the prediction of frictional multiphase flow pressure drop.Table 4.
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
)2
1∑n (
RMSE =
−
(dp/dx)
(dp/dx)
(45)
exp
pred
n i=1
⃒
⃒
⃒
⃒
N ⃒dp/dxexp − dp/dxpred ⃒
100 ∑
AARE% =
dp/dxexp
N i=1

Method

(46)

)2
(47)

From the results its evident that multilayer perceptron neural
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Fig. 3. Cross plots of utilized literature models and developed MLP-GA model for predicting two-phase frictional pressure drop.

models. As can be seen from Fig. 3, the developed MLP-GA predicts the
experimental frictional two-phase flow pressure drop within the error
margin of +/-5% and performs very well in comparison to the existing
models. This graph also indicates that the existing literature models
deviate from the experimental data within the whole data range.

However, the results show good agreement between the proposed MLPGA model and the experimental data for the same data range. To un
derstand the effect of each input parameter on frictional two-phase flow
pressure drop a detail error analysis was carried out. For this aim, the
AARE% plotted as a function of gas and liquid velocities, volumetric
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Fig. 4. The graph of AARE% for the developed MLP-GA and employed literature models as a function of different input variables.

quality, mass flux, pipes diameter and gas and liquid densities and
shown in Fig. 4. This figure shows the effect of each input parameter on
the performance of the utilized literature models and proposed MLP-GA.
The input parameters were divided into three regions low, medium and
high. This graph shows that the existing literature models return the
experimental values with high AARE% in all three regions. In contrast,
the proposed MLP-GA predict the experimental pressure drop with high
accuracy in the same regions for all parameters.
The exciting literature models were developed for specific

applications and various operating conditions, dictated by the experi
mental condition carried out in the original study. Hence, for a fair
comparison between the developed model (MLP-GA) and utilized liter
ature models, the applicability range of all models has been demon
strated in Table 6.
5.1. Sensitivity analysis
To investigate the quantitative impact of each input variable on the
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Table 6
The applicability range of the applied and developed model for prediction of frictional two-phase flow pressure drop.
Method

Diameter
(mm)

Vapor
quality
(x)

Slip Ratio
(S)(vG /vL )

Mass
Flux, G
(kg/
m2s)

Fluid type

Flow regime

Pipe position

Homogeneous
(Cicchitti et al.,
1960)
Homogeneous
model of
(Awad and
Muzychka,
2008)
(Lockhart and
Martinelli,
1949)

Any

0–1

1

≤ 100

Gas, Liquid and
mixture

Very fine
dispersed flow
& bubbly flow
N/A

Horizontal

(Friedel, 1979)

(MüllerSteinhagen and
Heck, 1986)
Drift Flux model
(Santim and
Rosa, 2016)
Proposed MLPGA

0.4017 –
14

0.3 – 0.5

1.49 &
25.83

0–1

0.98 –
257.4
4 – 392

1
33 –
832
greater
than 1000

< 100

0–1

100–1000

< 2000

0 – 0.85

Unknown

50 –
2490

0.5 – 203

0–
0.825

3.64E-08 –
84.915

50 –
5266

0.3 – 203

0 – 993

0 – 66,005

0.325 –
5266

R-12, R-22, Argon
(R740), R717,
R134a, R113,
R410A and Propane
(R290)
Air & Liquids
(benzene, kerosene,
water and oils)

Horizontal

Reynolds
number
mixture
(Rem)

Working
Pressure
(MPa)

No. data
points

Unknown

Unknown

Unknown

Unknown

0.1 – 0.4

Unknown

All Ranges

0.06 – 21

25,000

All Ranges
0 – 115,000

Annular,
bubbly, wave,
slug and
stratified flow

Horizontal,
vertical
upward and
downward

air–water, air–oil,
R12

Unknown

Horizontal and
vertical
upward

R12, R22, R134a,
MP39 and R32/125,
Air-Oil, Air-water,
steam-water,
Hydrocarbons
Air, Water, R134a,
R410a

Various Flow
regimes

Horizontal,
vertically
downward/
upward

All ranges
with
threshold of
1187

0.17 – 9.65

9313

Pattern
independent

Horizontal

105.83 –
6.92E09

3.36E-6 –
0.7612

424

Air-Water, R410,
R22, R410a, R134a,
R404, FC40-Air, Oilwater, R407c, R12,
R245fa

All flow
regimes

Horizontal

All ranges
with
threshold of
1500

68 –
318,526

5.31E-7 –
9.7278

4122

(r) method was used as one of the most popular techniques for sensitivity
analysis (Mesbah et al., 2017; Shariaty et al., 2019). The method is based
on the relevant importance of each input variable on the output by
assigning them a normalized scale between − 1 and 1. The negative
value shows the descending trend between two variables, whereas the
positive value shows an ascending trend of the output for the corre
sponding input. If the value is zero, then there is no relationship between
the output and the input variable. The Pearson correlation is calculated
as follow.
)
)(dp
∑n (
)
(
− dp
i=1 Inpk,i − Inpk
dz TP,i
dz TP,i
dp
(48)
=∑ (
r Inpk ,
)2
)2 (dp
dz TP
n
− dp
i=1 Inpk,i − Inpk
dz TP,i
dz TP,i
where,(Inpk ) Inpk and are the average value and ith value of kth input

variables respectively (k = Vliq , Vgas , X, G, Din , μliq , μgas , ρliq , ρgas );
dp
dzTP,i

dp
dzTP,i

and

are ith and average value of the predicted frictional two-phase flow

pressure drop, respectively. The results of the sensitivity analysis shown
in Fig. 5 indicate that the mass flux (G) and vapor quality (X) have the
highest positive impact on the frictional pressure drop followed by vapor
viscosity (Vgas ) and liquid velocity (Vliquid ).
The distribution of vapor quality (x) and mass flux (G) of the utilized
data bank shows an accumulation of the data in a wide range, as shown
in Figs. A1 and A2. The distribution of the data of the most two critical
factors (X and G) reveals that the model performs well when 0 ≤ X ≤ 1
and 0 ≤ G ≤ 2000.

Fig. 5. Relative effect of input variables on frictional two-phase flow pres
sure drop.

output parameter (frictional two-phase pressure drop) for the developed
MLP-GA model, a sensitivity analysis was performed. Several methods
exist (e.g., Kendall, Pearson and Spearman) in the literature to perform
this analysis (Chok, 2010; Faraji et al., 2022). Pearson’s relevancy factor
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Fig. A2. The distribution of the mass flux within the data bank.

5.2. Trend analysis
To examine whether the proposed model is capable of following the
physical trend as a function of input factors, the MLP-GA model and
employed literature models were plotted in terms of mass flux for pre
diction of frictional multi-phase flow pressure drop. The mass flux of two
different fluids, including R22 and air–water, was selected as the vari
able for this trend analysis as it has the highest impact on frictional
pressure drop. Fig. 6 illustrates the trend analysis and as it can be seen
the proposed model follows the physical trend of the experimental data
as a function of mass flux. The R22 sample was obtained from Revellin
and Thome, (2007) and the air–water sample was obtained from Ali,
(1992). The results indicate the developed model followed the physical
trend of the frictional pressure drop as a function of mass flux with
excellent accuracy.
Following the simulations an explicit neural network function for

Fig. 6. Comparison of experimental frictional two-phase pressure drop as a
function of mass flux with the proposed MLP-GA and utilized literature models.

prediction of

dp
dxtwo− phase

in horizontal pipes is generated from the pro

posed method (MLP-GA) as follow.
(
)
∑m (
)
dp
LW j × Mj + b2
= f1
j=1
dx two− phase

(49)

(
ih
ih
ih
ih
Mj = f2 IW ih
(1,j) × Vgas + IW (2,j) × Vliq + IW (3,j) × X + IW (4,j) × G + IW (5,j)
ih
ih
ih
× Din + IW ih
(6,j) × μliq + IW (7,j) × μgas + IW (8,j) × ρliq + IW (9,j)
)
× ρgas + b1

(50)
where IW stands for input weights, LW represents the layer weights
and b1 &b2 are biases of the developed and optimized network. The
values of IW, LW, b1 and b2 are presented in Table A1 and Table A2. Mj
represents the nodes of hidden layer, f1 and f2 are activation functions of
the hidden layer and output layer, which are represented by a linear
(f1 = x) and sigmoid (f2 = 1+e1 − x ) activation function. The parameter × in
the activation functions is model’s input in a matrix form.
Fig. A1. The distribution of the vapor quality within the data bank.
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6. Conclusions

4. The trend analysis showed that the proposed MLP-GA followed the
experimental frictional pressure drop with high accuracy as a func
tion of mass flux.
5. From the sensitivity analysis results, it can be concluded that the
mass flux, gas and liquid velocity, vapour quality and liquid density
have a positive impact on multiphase flow pressure drop, whereas
pipe’s inner diameter, liquid and gas viscosity and gas density have a
negative impact on pressure drop.

In this study, the frictional pressure drop of multiphase flow systems
in horizontal pipelines was modelled using 4124 data points from 19
sources. This experimental data covers a wide range of pipe diameters
and flow conditions. Six multilayer perceptron (MLP) neural networks
optimized with Levenberg-Marquardt (LM), Scaled Conjugate Gradient
(SCG), Bayesian Regularization (BR), Resilient Backpropagation (RB),
Particle Swarm Optimization (PSO) and Genetic Algorithm (GA); and
one Radial Basis Function (RBF) neural network were proposed for this
purpose. Following conclusions can be made as a result of this study.
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Appendix
To run the model and access the developed codes please see the in
struction in the following link https://github.com/FoadFaraji/Multipha
seFlowPressureDrop

Table A1
Weights and biases of multilayer perceptron neural network trained with BR algorithm (MLP-BR).
Input Weights (IW)

b1

Input1

Input2

Input3

Input4

Input5

Input6

Input7

Input8

Input9

− 0.0973
0.600384
0.031997
− 1.01221
0.848046
− 1.20733
0.837012
− 0.66425
− 0.37344
− 0.04828

− 0.15211
0.8209
− 0.61301
− 0.11824
0.294214
0.099377
− 0.498
− 0.06662
− 0.99435
0.696914

− 0.55387
− 0.67156
− 0.6735
− 0.49558
− 0.41597
− 0.69002
− 0.04705
− 0.85501
0.538672
− 0.60165

− 0.87321
0.491505
0.533611
− 0.49696
0.305408
0.147792
0.430259
0.694921
0.431046
0.324073

0.419342
− 0.18405
− 0.59536
0.767015
0.854353
− 0.80367
0.552816
− 0.12773
− 0.12095
− 0.90572

0.730751
− 0.61363
0.608736
− 0.54976
0.506319
− 0.168
− 1.06493
0.656282
− 0.8822
0.378519

0.602413
0.080221
− 0.71136
− 0.68958
0.998594
− 0.74661
− 0.82049
− 0.89149
− 0.43779
− 0.57019

− 0.53463
0.719084
0.763781
− 0.38062
− 0.39325
0.232072
0.085574
− 0.35721
0.654454
− 0.72406

− 0.89947
0.78015
0.583035
0.47689
− 0.24356
− 0.13637
0.115472
− 0.49038
− 0.50244
− 0.70815

LW

1.80817
− 1.40635
− 1.00454
0.602723
− 0.20091
− 0.20091
0.602723
− 1.00454
− 1.40635
− 1.80817

−
−
−

−

b2

0.143935
0.779835
0.08936
0.74445
0.78882
0.863842
0.358687
0.64797
0.609148
0.588172

0.272978

Table A2
Weights and biases of MLP-GA for prediction of two-phase dp/dx.
Input Weights (IW)
Input1
Input2
0.463605
− 0.40221
− 0.18985
0.589215
− 0.41898
− 0.68101
− 0.66051
0.640702
− 0.37169
− 0.83949

−
−

−
−

0.624906
0.253672
0.76063
0.81871
0.318075
0.858363
0.42526
0.946262
0.8943
0.49551

Input3

Input4

Input5

− 0.04957
0.710395
0.199608
0.553427
− 0.27127
− 0.01885
0.79458
0.712578
0.098098
− 0.22687

0.753329
− 0.83283
0.025825
− 0.35964
− 0.32413
− 0.5392
− 0.2043
0.130921
− 0.48887
− 0.73199

0.583529
− 0.68361
− 0.87307
− 0.95225
0.496867
0.572343
0.166288
0.010308
− 0.07352
− 0.77609

Input6

Input7

Input8

Input9

0.710761
0.06345
0.44034
0.33844
0.08668
0.95495
0.39716
0.540457
0.24021
− 0.21092

−
−
−
−
−
−

0.17823
0.61172
1.41233
0.36153
0.1361
0.85251
0.856864
0.578645
− 0.28716
− 0.99542

− 0.06535
− 0.85551
− 0.96959
0.305048
0.200794
0.507232
− 0.44471
− 0.01546
− 0.94975
0.557551

− 0.88123
− 0.30894
0.256496
− 0.35192
0.203942
0.716549
0.694279
− 0.57513
− 0.86053
− 0.03023

−
−
−
−
−
−

14

b1

LW

0.319876
0.788821
− 0.17985
0.256358
0.261019
0.151157
1.017368
− 0.54644
0.384431
0.98789

− 0.37321
− 0.28747
0.310005
− 0.39012
− 0.29237
0.02713
− 0.31878
0.351529
− 0.93747
− 0.38631

b2

0.9575
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Appendix A. Supplementary data
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