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Complex networks have established themselves in recent years as being particularly suitable and flexible for rep-

resenting and modelling many complex natural and artificial systems. Oil–water two-phase flow is one of the most

complex systems. In this paper, we use complex networks to study the inclined oil–water two-phase flow. Two different

complex network construction methods are proposed to build two types of networks, i.e. the flow pattern complex

network (FPCN) and fluid dynamic complex network (FDCN). Through detecting the community structure of FPCN

by the community-detection algorithm based on K-means clustering, useful and interesting results are found which

can be used for identifying three inclined oil–water flow patterns. To investigate the dynamic characteristics of the

inclined oil–water two-phase flow, we construct 48 FDCNs under different flow conditions, and find that the power-law

exponent and the network information entropy, which are sensitive to the flow pattern transition, can both characterize

the nonlinear dynamics of the inclined oil–water two-phase flow. In this paper, from a new perspective, we not only

introduce a complex network theory into the study of the oil–water two-phase flow but also indicate that the complex

network may be a powerful tool for exploring nonlinear time series in practice.
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1. Introduction

The oil–water two-phase flow is commonly ob-

served in wellbores, and its behaviour in a wide range

of flow conditions and inclination angles constitutes a

relevant unresolved issue for the petroleum industry.

In the study of two-phase flow, flow patterns indicate

how the phases are distributed and mixed due to the

physical nature of the system. Two-phase flow pat-

terns depend on the type of fluid–fluid combination,

the flow rate and direction, the conduit shape, size

and inclination. Further, heat and mass transfer rates,

momentum loss, rate of back mixing and pipe vibra-

tion all vary greatly with the flow pattern. Hence, it

is quite important and necessary to discern the flow

patterns and study the nonlinear dynamics in differ-

ent flow patterns. The first significantly important

study on oil–water two-phase flow in inclined pipes

was conducted by Hill and Oolman.[1] In an essentially

qualitative study, Hill and Oolman experimentally in-

vestigated oil–water flow pattern behaviour and its ef-

fect on production logging instruments. Vigneaux et

al [2] measured oil–water flow structure and provided

a very good description of the flow phenomena for oil

dispersed systems. Flores et al [3] presented a com-

prehensive study of oil–water two-phase flow patterns

in vertical and inclined pipes of an inner diameter

of 5.08 cm. Lucas and Jin[4,5] investigated the drift

velocity model for inclined oil–water two-phase flow

and found that the values for the distribution param-

eter and single-droplet terminal rise velocity (which

are both required by the drift velocity model) were

closely related to the inclination angle.

Influenced by many complex factors, such as fluid

turbulence, phase interfacial interaction, local relative

movement between phases and the existence of a grav-

itational component normal to the flow direction, the

inclined oil–water flow presents a highly irregular, ran-

dom and unsteady flow structure. Due to the complex

nature of inclined oil–water two-phase flow, theoret-

ical analyses have not been able to describe the sys-

tem perfectly. Therefore, a new method is strongly

required, whether experimentally or theoretically, to

detect and describe the flow patterns in conditions

near pattern transitions and the nonlinear dynamics

in different flow patterns.

Meanwhile, the past few years have witnessed dra-

matic advances in the field of complex networks since

the publication of the seminal studies of Watts and
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Strogatz[6] as well as Barabási and Albert.[7] Complex

networks, which have been observed to arise naturally

in a vast range of physical phenomena, can describe

any complex system that contains massive units (or

subsystems) with nodes representing the component

units and edges serving as the interactions between

them. A lot of complex systems have been examined

from the viewpoint of complex networks. Examples in-

clude World Wide Web,[8] metabolic networks,[9] pro-

tein networks in the cell,[10] gas-liquid flow pattern

complex network,[11] traffic networks,[12,13] collabora-

tion networks,[14] brain network[15] and earthquake

networks.[16] These empirical studies have inspired re-

searchers to develop a variety of techniques and mod-

els to help one understand or predict the behaviour

of complex systems.[17−24] Complex networks, which

provide us with a new viewpoint and an effective tool

for understanding a complex system from the relations

between the elements in a global way, not only may

be a powerful tool for revealing information embed-

ded in time series,[25,26] but also can be used to study

nonlinear dynamic systems that cannot be perfectly

described by theoretical model.

In this paper, we use complex networks to study

the inclined oil–water two-phase flow. Two different

network construction methods are proposed to build

two types of networks, i.e. flow pattern complex net-

work (FPCN) and fluid dynamic complex network

(FDCN). We first construct the FPCN that contains

48 nodes by using a new method based on time-delay

embedding and modularity, and we identify three typ-

ical inclined oil–water flow patterns by detecting the

community structure of the resulting network. Then,

in order to study the nonlinear dynamics of oil–water

two-phase flow, we construct 48 FDCNs, each with

2000 nodes, under different flow conditions. Based on

the investigation on the relevant statistical character-

istics of the 48 resulting networks and two complexity

measures (Lempel and Ziv complexity and approxi-

mate entropy), we finally find that power-law expo-

nent and network information entropy, which are sen-

sitive to the flow pattern transition, can both char-

acterize the nonlinear dynamics of inclined oil–water

two-phase flow. Using complex networks to anal-

yse the characteristics of inclined oil–water two-phase

flow measurement fluctuant signals could be useful

exploration for revealing and understanding the flow

pattern transition mechanism which cannot be de-

scribed accurately by mathematical model because of

the complexity and uncertainty it owns.

2. Flow pattern classification

The observed inclined oil–water flow patterns are

water-dominated flows and transitionally flowing. The

water-dominated flows include the dispersion of oil in

water countercurrent flow and dispersion of oil in wa-

ter pseudoslug flow. According to Flores et al,[3] the

three typical flow patterns of inclined oil–water two-

phase flow, observed in our experiment, can be cate-

gorized as follows (Fig.1).

Dispersion oil in water-countercurrent (D O/W

CT) flow: The dispersion of oil in water countercur-

rent flow occurs at velocities of superficial oil and wa-

ter velocities from low to moderate, in this flow pat-

tern, the oil disperses in the continuous water as dis-

crete, well rounded, droplets with sizes from mostly

small to medium (see Fig.1(a)).

Dispersion oil in water-pseudoslugs (D O/W PS)

flow: The dispersion of oil in water pseudoslug flow

occurs at slightly higher superficial water velocities

and for superficial oil velocities from low to moder-

ate, in this flow pattern, the sequence of oil droplets

observed in the countercurrent flow pattern is inter-

rupted by water breaks, with the oil droplets grouping

closer and forming packs at the top of the pipe (see

Fig.1(b)).

Transitional flow (TF): The transitional flow oc-

curs at moderate superficial oil velocities and for su-

perficial water velocities from low to moderate, in this

flow pattern, oil region forms at the topside of the

pipe, at the bottom of the pipe exist just water with

a few recirculating oil droplets, and in the middle re-

gion oil phase and water phase alternately appear as

continual phase (see Fig.1(c)).

Fig.1. Three inclined oil–water flow pattern.
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3. Experimental flow loop facility

and data acquisition

The oil–water two-phase flow experiment in a

12.5-cm diameter pipe at an inclination angle of 45◦

from vertical was carried out in gas–oil–water three-

phase flow laboratory of Tianjin University. The

whole measurement system can be divided into several

parts, including the VMEA (vertical multi-electrode

array) conductance sensor that was designed and op-

timized by our research team (for further details, see

Ref.[27]), exciting signals generating circuit, signal

modulating module, data acquisition device and signal

analysis software. The measurement circuit was em-

bedded inside the instrument, and signals were trans-

mitted to the data acquisition and processing system

through cable connected outside the circuit system.

The measurement system was excited by a 20-kHz

constant voltage sine wave, and the value of excit-

ing voltage is 1.4 V. The signal modulating mod-

ule is mainly composed of three modules, which are

differential amplifier, sensitive demodulation and low

pass filter. The data acquisition equipment is se-

lected from the National Instrument Company’s prod-

uct PXI 4472 data acquisition card, which is based

on the PXI main bus technology, equipped with eight

channels and synchronized acquiring function. The

data processing part is realized through graphical pro-

gramming language LABVIEW 7.1 wrapped in the

data acquisition card, which can realize real time data

waveform displaying, storing and analysing.

The experimental plan was like this. Let water

flow into the pipe at a fixed flow rate, but let the oil

flow in at a rate gradually increased, thereby changing

the proportion of oil flow rate to water flow rate; for

each proportion of oil flow rate to water flow rate,

we acquired a conductance fluctuating signal from

VMEA and observed a flow pattern variation, corre-

spondingly. The water phase flow rate was between

0.0052 m/s and 0.3306 m/s, of which the oil phase was

between 0.0057 m/s and 0.3306 m/s, and there were

used 48 different proportions of oil flow rate to water

flow rate in this experiment. The sampling frequency

was 400 Hz, and the sampling data recording time for

one measuring point was 60 s. We have acquired 48

conductance fluctuating signals in the experiment all

told. The conductance fluctuating signals in three flow

patterns measured from VMEA are shown in Fig.2, in

which USO and USW represent oil superficial velocity

and water superficial velocity, respectively.

Because of the significant difference in electrical

sensibility between oil phase and water phase, the ran-

dom flow of oil phase will cause voltage fluctuation on

the measuring electrode under a certain sinusoidal in-

put, which implies that the conductance fluctuating

signals measured from the VMEA conductance sensor

are related to the flow transition. Therefore, we con-

struct complex networks from the conductance fluctu-

ating signals and study the oil–water two-phase flow

through analysing the resulting networks.

Fig.2. Conductance fluctuating signals in three inclined

oil–water flow patterns.

4. Community structure versus

flow pattern identification

4.1.Oil water flow pattern complex net-

work

Recently a new framework has been proposed

to construct gas–liquid flow pattern complex network

from signal time series (Gao Z K and Jin N D 2008

Acta Phys. Sin. 57 6909). Essentially, this is a

transformation from the two-phase flow to the com-

plex network, which allows for the flow pattern identi-

fication to be studied via community structure of the

network. In the present paper, we further construct

an oil–water flow pattern complex network (FPCN)

from the conductance fluctuating signals by consid-

ering each flow condition as a basic node and using

the strength of correlation between nodes to determine

network connection. Flow condition here means the

flow behaviour under different proportions of oil flow

rate to water flow rate in the pipe. Since we config-

ured 48 different proportions of oil flow rate to water

flow rate to obtain 48 conductance fluctuating signals

in our oil–water two-phase flow experiment, there are

48 different flow conditions, i.e. the number of nodes

contained in FPCN is 48.
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We now briefly demonstrate how to construct

an FPCN from time series based on the method of

time delay embedding and modularity. Consider-

ing the nonlinear characteristics of the oil–water two-

phase flow, we first use the method of time delay

embedding[28] to process the conductance fluctuat-

ing signals. That is, we use C–C method[29] to cal-

culate the values of delay time τ from the 48 con-

ductance fluctuating signals, respectively, and from

them choose an appropriate one that can make the

FPCN modularity[30] largest. Then we extract six

time-domain features and four frequency-domain fea-

tures from each processed conductance fluctuating sig-

nal to form the characteristic vector. For each pair of

characteristic vectors, Ti and Tj , the correlation coef-

ficient can be written as

Cij =

M∑
k=1

[Ti(k)− ⟨Ti⟩] · [Tj(k)− ⟨Tj⟩]√
M∑
k=1

[Ti(k)− ⟨Ti⟩]2 ·

√
M∑
k=1

[Tj(k)− ⟨Tj⟩]2
,

(1)

where, M is the dimension of the characteristic vec-

tor, ⟨Ti⟩ =
M∑
k=1

Ti(k)

/
M , and ⟨Tj⟩ =

M∑
k=1

Tj(k)

/
M .

C is a symmetric matrix and Cij describes the state

of connection between node i and j. Finally, choosing

a critical threshold rc, the correlation matrix C can

be converted into an adjacent matrix A, the rules of

which read

Aij =

 1, (|Cij | ≥ rc),

0, (|Cij | < rc),
(2)

that is, there will be an edge connecting node i and

node j if |Cij | ≥ rc. On the other hand, there will not

be an edge connecting node i and node j if |Cij | < rc.

Details about how to select an appropriate thresh-

old and extract time-domain features can be seen in

Ref.[11]. According to the principles we have put for-

ward in Ref.[11], we choose τ = 9∆t (∆t is the sample

interval of the conductance fluctuating signals) and

rc = 0.98 to derive the oil–water FPCN.

It should be pointed out that, since the inclined

oil–water two-phase flow is much more complex than

gas-liquid two-phase flow, we in this study not only

extract six time-domain features, just as what we

have done in Ref.[11], but also extract four frequency-

domain features to form the characteristic vector. The

method of feature extraction in the frequency-domain

was mainly referred to the way used by Darwich et

al [31] which was based on the concept of linear predic-

tion in speech signal processing.[32] The basic principle

of this method is that the value of a signal point at

present could be estimated by the linear combination

of several previous points; the coefficient of this linear

combination could be acquired when the deviation of

the true value from the estimated value is minimum.

The coefficients and the previous signals comprise a

linear prediction model; the coefficients are called the

orders of this model, which are also what we set as the

frequency characteristic quantities. We assumed that

the input Zt could be expressed as follows:

Zt = −
p∑

k=l

akZt−k + G

q∑
k=0

bkUt−k (b0 = 1), (3)

where Ut−k are the unknown input signals, ak (1 ≤
k ≤ p), bk (1 ≤ k ≤ q) and G are all system

parameters, of which G is the system gain, and ak

(1 ≤ k ≤ p), the coefficients of the linear combina-

tion, are just what we want as the frequency char-

acteristic quantities. We choose the linear prediction

model with four orders, which means we only need to

figure out a1, a2, a3 and a4.

All the nodes and edges form the FPCN, and the

topological structure of this network can be described

with the adjacent matrix A. The conditions Aij = 1

and Aij = 0 correspond to connection and disconnec-

tion, respectively.

4.2. Flow pattern identification based on

community structure

After constructing the FPCN containing 48

nodes, we detect its community structure by using the

community-detection algorithm based on K-means

clustering, proposed in Ref.[11], and show in Fig.3

Fig.3. Components of the first non-trivial eigenvector a1

are plotted versus those of a2 and a3.
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the distribution of the corresponding elements of the

three first non-trivial eigenvectors. As can be seen,

three different communities can be clearly identified

when the components of the first non-trivial eigen-

vector a1 are plotted versus those of a2 and a3.

The community structure of the FPCN, detected

by community-detection algorithm based on K-means

clustering, is shown in Fig.4. The community struc-

ture is drawn by the software “Ucinet” and “Net-

draw”.

Fig.4. Community structure of the FPCN.

From the detected community structure, as shown

in Fig.4, three communities of 30, 11 and 7 nodes are

found, denoted as community a, community b and

community c, respectively. Furthermore, combin-

ing with the experimental observations, we find that

community a mainly corresponds to the dispersion

oil in water-pseudoslugs (D O/W PS) flow, such as

node 2 (USO = 0.0189 m/s, USW = 0.0061 m/s) and

node 10 (USO = 0.0377 m/s, USW = 0.0189 m/s)

both corresponding to D O/W PS flow; community

b mainly corresponds to the dispersion oil in water-

countercurrent (D O/W CT) flow, such as node 32

(USO = 0.0816 m/s, USW = 0.0061 m/s) and node 36

(USO = 0.2423 m/s, USW = 0.0698 m/s) both corre-

sponding to D O/W CT flow; community c mainly

corresponds to the transitional flow (TF), such as

node 42 (USO = 0.1256 m/s, USW = 0.0061 m/s)

and node 48 (USO = 0.2875 m/s, USW = 0.0703 m/s)

both corresponding to transitional flow. Based on

the community structure of flow pattern complex net-

work, we also plot the oil–water flow pattern map (see

Fig.5 for details) for a 12.5 cm diameter pipe at an

inclination angle of 45◦. Hence, through detecting the

Fig.5. Oil–water flow pattern map for a 12.5-cm diameter

pipe at an inclination angle of 45◦.

community structure of the FPCN, we have achieved

the good identification of flow pattern in inclined oil–

water two-phase flow by finding the three communities

which correspond to the D O/W PS flow, D O/W CT

flow and the transitional flow, respectively.
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5. Fluid dynamic complex network

To cast light on the nonlinear dynamics of inclined oil–water two-phase flow, we in this paper propose a

new method of constructing fluid dynamic complex network (FDCN) from one conductance fluctuating signal,

that is, we construct FDCN with each segment of signal time series represented by a single node and edge

determined by the strength of correlation between segments. Considering a conductance fluctuating signal (i.e.

a time series), denoted as {k1, k2, k3, . . . , kN}, we can obtain all the possible segments with length L, which

read

{S1 = (k1, k2, . . . , kL)} ,
{S2 = (k2, k3, . . . , kL+1)} ,
{S3 = (k3, k4, . . . , kL+2)} ,
· · ·
{Sm = (km, km+1, km+2, . . . , km+L−1) |m = 1, . . . , N − L+ 1} . (4)

For each pair of segments, Si and Sj , the correlation coefficient can be written as

Cij =

L∑
k=1

[Si(k) · Sj(k)]√
L∑

k=1

[Si(k)]
2 ·

√
L∑

k=1

[Sj(k)]
2

. (5)

Choosing critical threshold rc, the correlation matrix C can be converted into adjacent matrix A, of which the

rules read Aij = 1 if |Cij | ≥ rc and Aij = 0 if |Cij | < rc.

Rho et al [33] considered the characteristics of the degree distribution functions for the constructed networks.

At a special critical threshold the degree distribution will tend to obey a power law. The network at this

transition point is used to detect non-trivial characteristics embedded in the autocorrelation matrix. Through

the analysis of the evolution of FDCN containing 2000 nodes, we find that the resulting network can well keep

the physically meaningful correlations when rc is chosen as 0.95 (for details, see Fig.6).

Fig.6. Evolution of the FDCN constructed with the conductance fluctuating signals of D O/W CT flow

(USO = 0.0816 m/s, USW = 0.0061 m/s). When rc = 0.95, the degree distribution obeys a power law. With

the decrease of rc, more and more edges are added, which may induce statistical fluctuations in the degree

distribution. And finally, the power law is submerged in statistical noises.
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The other adjustable parameter is the length of

a segment, denoted as L. Short length will induce

overestimated correlations. Increasing the length L

can depress the finite-length-induced statistical fluc-

tuations effectively. It should be long enough to give

a reliable result. As shown in Fig.6, we find that when

rc and L are chosen as 0.95 and 50, respectively, the

degree distribution of the resulting network can be

well fitted to a power law as follows:

p(k) ∼ k−γ , (6)

where the degree (or connectivity) k of a node is the

number of edges incident with it, and the degree distri-

bution p(k) is defined as the probability that a node

chosen uniformly at random has degree k; γ is the

power-law exponent of degree distribution. In this

study, we can expect a stability region of L, in which

the resulting network can reveal the physically mean-

ingful information embedded in the time series, that

is, a proper L can be found just by simulating a special

dynamical process of the complex network, i.e. chang-

ing the number of nodes and connections by increasing

the value of L while keeping the power-law exponent

of resulting network almost unchanged. By calcula-

tion, we plot the distributions of power-law exponent

of different flow patterns in Fig.7.

From Fig.7, it is clear that the power-law expo-

nent keeps stable when L ranges from 46 to 54. Hence,

we choose L = 50 and rc = 0.95 to derive the FDCN.

Fig.7. The power-law exponent distributions of three FD-

CNs with the change in segment length: D O/W PS flow

(USO = 0.0189 m/s, USW = 0.0061 m/s), D O/W CT flow

(USO = 0.0816 m/s, USW = 0.0061 m/s), and transitional

flow (USO = 0.1256 m/s, USW = 0.0061 m/s).

6. Statistical characteristics ver-

sus nonlinear dynamics

6.1.Network degree distribution

By considering segments as nodes and associat-

ing network connectivity with the correlation among

segments, time domain dynamics is naturally encoded

into a network configuration. We select three types of

flow pattern conductance fluctuating signals for con-

structing three FDCNs, each with 2000 nodes. After

investigating the degree distribution of the three net-

works, we find their degree distributions can be well

fitted to a power law, which indicates the scale-free

property of the FDCN (for details, see Fig.8).

Fig.8. Degree distributions of different types of FD-

CNs: (a) D O/W PS flow (USO = 0.0189 m/s, USW =

0.0061 m/s), (b) D O/W CT flow (USO = 0.0816 m/s,

USW = 0.0061 m/s), and (c) transitional flow (USO =

0.1256 m/s, USW = 0.0061 m/s).
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To further explore the variations of the degree

distribution power-law exponent in flow pattern tran-

sition, we construct 48 FDCNs under different flow

conditions and calculate their corresponding power-

law exponents. From Fig.9, we could see that the

power-law exponents of D O/W PS flow are usually

small and the power-law exponent increases as the flow

pattern evolves from D O/W PS flow to D O/W CT

flow. With the further increase of oil superficial veloc-

ity, the power-law exponent still increases as the flow

pattern evolves from D O/W CT flow to transitional

flow. USO and USW, in Fig.9, represent oil superficial

velocity and water superficial velocity, respectively.

Fig.9. Power-law exponent distribution of 48 FDCNs

with the increase of oil superficial velocity.

6.2.Network information entropy

The concept of Shannon’s entropy[34] is a central

role in information theory sometimes referred to as a

measure of uncertainty. The entropy of a random vari-

able is defined in terms of its probability distribution

and can be shown to be a good measure of uncertainty.

According to the definition of Shannon’s entropy, we

define a network information entropy for the FDCN

and expect to investigate the nonlinear dynamics of

oil–water flow through analysing the network infor-

mation entropy.

Definition 1 Let p(i) be the importance of node

i

p(i) = ki

/ N∑
j=1

kj , (7)

where N is the number of nodes contained in the net-

work; ki (kj) is the degree of node i(j).

Definition 2 Let E be the network information

entropy

E = −
N∑
i=1

kBp(i) ln p(i), (8)

where N is the number of nodes contained in the net-

work and kB is the Boltzmann constant. In order to

simplify the calculation, here we let kB = 1, that is,

E = −
N∑
i=1

p(i) ln p(i). (9)

Obviously, for a regular homogeneous network

that contains N nodes, its network information en-

tropy is the maximum, denoted as Emax,

Emax = −
N∑
i=1

1

N
ln

1

N
= lnN. (10)

On the contrary, for a star-shape network that has

one core node with degree N − 1 and any other node

with degree 1, supposing p(1) = 1/2 and p(i) =

1/2(N − 1)(i ̸= 1), its network information entropy

is the minimum, denoted as Emin

Emin = −
N∑
i=2

1

2(N − 1)
ln

1

2(N − 1)
− 1

2
ln

1

2

=
ln 4(N − 1)

2
. (11)

In order to make the network information entropy not

affected by the number of nodes contained in the net-

work, we normalize E as follows:

EN =
E − Emin

E − Emax

=

−2
N∑
i=1

p(i) ln p(i)− ln 4(N − 1)

lnN2 − ln 4(N − 1)
.

(12)

We calculate the network information entropy

from the 48 constructed FDCNs. Figure 10 shows the

variations of network information entropy with flow

pattern changing. As can be seen, the network infor-

mation entropy increases as the flow pattern evolves

from D O/W PS flow to D O/W CT flow, and further

increases as the flow pattern evolves from D O/W CT

flow to transitional flow.
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Fig.10. Network information entropy distributions of 48

FDCNs with the increase of oil superficial velocity.

6.3.Nonlinear dynamics of oil water

two-phase flow

Representing the conductance fluctuation signal

through a corresponding FDCN, we can then explore

the nonlinear dynamics of oil–water two-phase flow

from network organization, which is quantified via a

number of topological statistics. Through exploring

the Lempel and Ziv complexity[35] and approximate

entropy[36] of conductance fluctuation signals of oil–

water two-phase flow, we show, in Fig.11 the varia-

tions of the two complexity measures with flow pat-

tern changing. From Figs.9–11, we could see that

there are good corresponding relations between com-

plexity measures and the FDCN topological statistics

(i.e. power-law exponent and network information en-

tropy).

Fig.11. Complexity measure distributions with the increase of oil superficial velocity. Panel (a) shows Lempel and Ziv

complexity and panel (b) displays approximate entropies.

The D O/W PS flow can be characterized by a

sequence of pseudoslug units, and a pseudoslug unit

consists of two major components, an oil pack and a

trailing water break. At the front of the oil pack there

is normally an oil globule, which is in most cases of

elongated shape. The globule is followed by the pack

itself, consisting of a large number of droplets with

sizes ranging from small to medium. The oil pack is

followed by a water break that carries at the top a

very few slowly moving droplets left behind by the

oil pack. Owing to the periodic alternating move-

ments between oil plug and water plug, the dynam-

ics in the D O/W PS flow is simple, corresponding

to the small power-law exponent and network infor-

mation entropy. When the oil superficial velocity is

slightly higher, the D O/W CT flow appears, in which

the oil disperses in the continuous water as discrete,

well rounded droplets with sizes ranging from mostly

small to medium. Because of the difference in den-

sity, the droplet flow occupies the upper regions of

the pipe in an uninterrupted sequence of nearly uni-

form vertical spread. The outstanding characteristic

of this flow pattern consists of local countercurrent

flow of water, always at the bottom side of the pipe.

And the countercurrent phenomenon is caused by the

increase in magnitude of the gravitational component

in the direction opposite to the main flow, which par-

tially overcomes the linear momentum of the water

phase. Because of the relative complex dynamics in

D O/W CT flow, the power-law exponent and the
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network information entropy increase as the flow pat-

tern evolves from D O/W PS flow to D O/W CT flow.

With the further increase of oil superficial velocity, the

transitional flow (TF) appears in the region between

the water-dominated flow patterns and oil-dominated

flow patterns, and the dynamics of this flow becomes

more complex than that of D O/W CT flow, corre-

sponding to the further increase of the two network

statistical characteristics as the flow pattern evolves

from D O/W CT flow to transitional flow. Hence,

the power-law exponent and the network information

entropy, which are sensitive to the flow pattern tran-

sition, can both characterize the nonlinear dynamics

of inclined oil–water two-phase flow.

7. Conclusions and discussions

We introduce complex network theory into the

study of oil–water two-phase flow. Using a new

method based on time-delay embedding and modular-

ity, we construct FPCN from conductance fluctuating

signals. Then we put forward a new flow pattern iden-

tification method of inclined oil–water two-phase flow

by combining the community structure of FPCN.

In order to study the nonlinear dynamics of oil–

water two-phase flow, 48 FDCNs under different flow

conditions are constructed, and the nonlinear dynam-

ics can then be studied by investigating the statistical

characteristics of those networks. According to the in-

vestigation of the statistical characteristics of FDCNs,

we confirm that the power-law exponent and network

information entropy, which are sensitive to the flow

pattern transition, can both characterize the nonlin-

ear dynamics of oil–water two-phase flow.

The last decade has witnessed the birth of a new

movement of interest and research in the study of com-

plex networks, and the massive and comparative anal-

ysis of networks from different fields have produced

a series of unexpected and dramatic results. With

the study presented in this paper, a natural bridge

between complex networks and oil–water two-phase

flow has now been built. Further research on the self-

organizing and self-evolution in these networks will

help us establish a flow-evolution network model to

explore the complex mechanism in two-phase flow.
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