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Local Property of Recurrence Network for Investigating Gas-Liquid Two-Phase
Flow Characteristics *
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Understanding the dynamics of gas-liquid two-phase flows is a challenge in the fields of nonlinear dynamics. We
first construct and analyze a recurrence network from Chen’s chaotic system and find that the network local
statistic is feasible to characterize chaotic dynamics associated with unstable periodic orbits. Then we construct
recurrence networks from gas-liquid two-phase flow experimental signals and associate the network topological
statistic with the flow pattern dynamics. The results indicate that the recurrence network could be a powerful
tool for the dynamic characterization of experimental gas-liquid two-phase flows.

PACS: 05.45.Tp, 47.55.Ca

Gas-liquid two-phase flow widely exists in various
practical applications such as spray processes, nat-
ural gas networks, and nuclear reactor cooling. In
gas-liquid two-phase flow, the deformable interfaces of
the two phases can acquire a variety of characteristic
distributions which are called flow patterns. Under-
standing the dynamics of flow patterns is crucial to
some important problems such as predicting pressure
drop. Due to the interplay among many complex fac-
tors such as fluid turbulence and phase interfacial in-
teraction, gas-liquid two-phase flow exhibits a highly
unsteady and complicated flow structure. Hence, un-
covering the dynamic behavior of various flow patterns
arising in gas-liquid two-phase flow is a challenging
and important problem.

Existing methods aiming at exploring gas-liquid
two-phase flow include those based on the hy-
drodynamic model,l') Shannon entropy,!”) wavelet
transform,” " probability density function analysis
and Fast Fourier Transform.!>%] Despite the existing
results, the dynamical mechanisms generating various
patterns in gas-liquid two-phase flows are still elusive
up to now. In this regard, developing an effective ap-
proach to characterize dynamic flow behavior under-
lying gas-liquid flow patterns becomes quite necessary
and important. Complex network theory has under-
gone a remarkable development over the last decade
and has contributed significantly to our understand-
ing of complex systems.”'®] The great success of
network theory in various fields of research has re-
cently motivated attempts to generalize this concept
for a direct application to time series.['”~?!1 Com-
plex network analysis of time series has been success-
fully applied in many research fields, such as climate
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system,[*?] financial system,*”] brain network,”" hu-
man gait,[*”] human ventricular fibrillation,”°! gene
system,””] and multiphase flow system.** %] In this
Letter, we systematically carry out gas-liquid two-
phase flow experiments for measuring the signals cor-
responding to different flow patterns. Based on the
experimental signals, we use the analytical framework
of the recurrence network to characterize the chaotic
dynamic behavior in gas-liquid flow patterns.

The vertical gas-liquid two-phase flow experiment
in a 125-mm diameter pipe has been carried out in
the multiphase flow loop laboratory of Tianjin Uni-
versity. The experimental mediums are air and tap
water. Experiments are implemented by initially in-
jecting both gas and water flows into the pipe. The
water flow rate is fixed and the gas flow rate is grad-
ually increased. Each time the ratio between the gas
and water flow rates reaches a certain preset value, a
conductance fluctuating signal is collected from our
designed vertical multi-electrode array conductance
(VMEA) sensor!*!l and the flow pattern is visualized
by the high-speed video camera recorder (VCR). The
sampling frequency is 400 Hz and the sampling time
between two measuring points is 60s. We have ob-
served five different vertical gas-water flow patterns in
the experiment, i.e., gas-liquid bubble flow, bubble-
slug transitional flow, slug flow, slug-churn transi-
tional flow and churn flow. The conductance fluctuat-
ing signals of VMEA sensor corresponding to the five
gas-water flow patterns are shown in Fig. 1, where Usg
and U,y represent gas superficial velocity and water
superficial velocity, respectively. Based on the conduc-
tance fluctuating signals, we will conduct recurrence
networks analysis to characterize the dynamic flow be-
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havior in gas-liquid two-phase flow.
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Fig.1l. The conductance fluctuating signals in five gas-
water flow patterns.
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Fig. 2. Color-coded representation of the local clustering
coefficients C“(v) for the recurrence network generated
from Chen’s chaotic system.

Now we introduce how to transform a time series
into a complex network in the framework of a recur-
rence network. When dealing with a time series z(t)
(t =1,...,M), one may use a suitable m-dimensional
time delay embedding of 2(t) with delay 7,[*”]

X)) =(z@t),z(t+7), -, z(t+(m—171)), (1)

to obtain a phase space with N phase space vector
points X (t), t =1,2,...,N, where

N=M-(m-1)r. (2)

According to Refs. [28,29], in the formalism of recur-
rence network, a state in the phase space vector X (¢;)
is said to be recurrent if there is ¢; # t;, such that

d(X (t:), X (t;)) <e 3)
for some distance measure d in phase space, where

d(X (t:), X (t;)) = || X (t:) = X (&5)]]- (4)

The structure of recurrences in phase space can be
simply encoded in terms of the recurrence matrix

Rij = O(e — d(X (L), X (1)), ()

where 6 is the Heaviside function. Following
the above considerations, this matrix can be re-
interpreted as the adjacency matrix of an unweighted
complex network associated with the given time series
which is called (g) recurrence network. To be more
specific, the adjacency matrix of the recurrence net-
work is given by

Aij = Rij — 045, (6)

where d;; is the Kronecker delta introduced to avoid
artificial self-loops in the network.’®?) That is, in-
dividual values of the respective observable in phase
space can be directly considered as nodes of the recur-
rence network, while the existence of an edge serves as
an indicator of a recurrence, i.e., pairs of states whose
values do not differ by more than a small value € in
the phase space. In order to investigate the dynamics
of a time series in terms of recurrence network, Don-
ner et al.l’”l defined the local clustering coefficient in
terms of conditional probabilities, denoted as C*(v),

CL(U) :P(A” = 1|Av1 = 17Avj = 1)
P(A” = I,Am‘ = 17Avj = 1)

T PAu=1LA;=1) @

where A;; is the network adjacent matrix. With
Bayes’ theorem, we can obtain
P(A,; =1,A,;=1)
1 N N
= T AviA'u j 5 8
(Nfl)(NfQ)Z,Z. ! ®)
i=1j=1,j7#i

where N is the number of nodes in the network, and
a similar expression for P(A4;; =1, A,; =1, A4,; =1).
For more details one can see Ref.[28]. We use the
above method to generate a recurrence network from
Chen’s chaotic system,*”]

= aly— 1),
y=(c—a)x—zz+cy,
z=uxy— bz, 9)

where a = 35, b = 3, ¢ = 28. We calculate the local
clustering coefficient for the recurrence network gener-
ated from Chen’s chaotic system and present the result
in Fig.2. As can be seen, there are remarkably high
values of local clustering coefficient in the phase space
and the presence of distinct structures in the spatial
profile of the local clustering coefficient is related to
the emergence of unstable periodic orbits.[****] Unsta-
ble periodic orbits (UPOs) embedded in the chaotic
attractor are fundamental to the understanding of the
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chaotic dynamics. It has been known that when the
infinite set of periodic orbits embedded in a chaotic set
are all unstable, their stabilities, as determined by the
corresponding largest eigenvalues, are typically quite
heterogeneous. Correspondingly, we can see hetero-
geneous distribution of the local clustering coefficient
in the chaotic attractor, as shown in Fig.2. In fact,
a small set of UPOs can be significantly less unstable
than others. In the phase space, a UPO appears as a
closed loop. A chaotic trajectory tends to spend sub-
stantially more time near weakly unstable orbits. As
a result, there can be many recurrences near such a
UPO, giving rise to a cluster in the corresponding net-
work, which can be captured by a high value of local
clustering coefficient in the sense that the neighbor-
hoods of a node in this region usually densely connect
with each other. Therefore, the local clustering coeffi-
cient of a recurrence network can be used to character-
ize chaotic dynamics associated with unstable periodic
orbits.
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Fig.3. Color-coded representation of the local cluster-
ing coeflicients in the phase space for the recurrence net-
work generated from five different gas-liquid flow patterns:
(a) bubble flow, (b) bubble-slug transitional flow, (c) slug
flow, (d) slug-churn transitional flow, and (e¢) Churn flow.

We construct two-phase flow recurrence networks
corresponding to different flow patterns from experi-
mental signals. Representing the conductance fluctu-
ation signal through a corresponding recurrence net-
work, we can then study the dynamical behaviors of
gas-liquid flow patterns from complex network analy-
sis, which is quantified via the local clustering coeffi-
cient. Figure 3 shows the structures in the spatial pro-

file of the local clustering coefficient for the recurrence
networks generated from the signals of five different
flow patterns. From Fig.3, we can extract the mean
value of local clustering coefficients for the network,
denoted as (CT(v)). A signal measured from a flow
condition corresponds to a recurrence network. In or-
der to characterize the dynamic behavior in the tran-
sition of different flow patterns, we construct numbers
of recurrence networks from various experimental sig-
nals measured from different flow conditions. We then
calculate the mean value of local clustering coefficients
for each generated network. Figure 4 displays the dis-
tributions of (C*(v)) in semi-log scale for numbers of
generated networks with the increase of gas superfi-
cial velocity, in which the Uss and Us,, represent gas
superficial velocity and water superficial velocity, re-
spectively.
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Fig.4. The distributions of (CT(v)) for recurrence net-
works generated from different flow patterns.

Gas-liquid bubble flow occurs at low gas flow rates
where the gas phase is approximately uniformly dis-
tributed in the form of discrete bubbles in a contin-
uum of liquid phase. Owing to the stochastic motions
of large numbers of small air bubbles, the dynami-
cal behavior of bubble flow is very complex and no
obvious periodic orbits exist in the phase space from
bubble flow, corresponding to the weak heterogeneous
distributions of local clustering coefficients, as shown
in Fig.3(a), and small value of (C¥(v)) is shown in
Fig. 4. In the transition from bubble flow to slug flow,
small air bubbles begin to coalesce to form a large one.
Correspondingly, a small number of unstable periodic
orbits with small local clustering coefficients gradu-
ally appear, as shown in Fig.3(b). With an increase
in gas flow rate, slug flow appears. Because of the
quasi-periodic oscillation behavior associated with un-
stable periodic orbits between gas slug and liquid slug,
the dynamical behavior of slug flow becomes relatively
simple compared with that of bubble flow, which ex-
plains the strong heterogeneous distributions of local
clustering coefficients, as shown in Fig.3(c). The in-
crease of the (CT(v)) as the flow pattern evolves from
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bubble flow to slug flow, as shown in Fig. 4, agrees well
with the results presented in the analysis of Chen’s
chaotic system. When the gas superficial velocity is
high, churn flow gradually occurs. As a highly dis-
ordered flow, churn flow is mainly composed of a dis-
crete gas phase and a continuous liquid phase of highly
turbulent kinetic energy. Due to the influence of the
turbulence effect, the slugs are collapsed and the os-
cillation behavior becomes rare and the dynamical be-
havior of churn flow becomes more complex than that
of slug flow. Consequently, the value of (CL(v)) de-
creases and the heterogeneity of the distributions of
local clustering coefficients becomes weaker as the flow
pattern evolves from slug flow to churn flow, as shown
in Figs. 3(d), 3(e) and 4.

In summary, we have constructed a recurrence net-
work from experimental signals to uncover the dy-
namic flow behavior underlying different gas-liquid
flow patterns. Recurrence network analysis of Chen’s
chaotic system indicates that the local clustering co-
efficient can be used to characterize chaotic dynamics
associated with unstable periodic orbits. Recurrence
network analysis of experimental signals suggests that
the local clustering coefficient can faithfully represent
the distinct dynamical states of the gas-liquid two-
phase flow and further can be used to uncover the
dynamic flow behavior associated with chaotic UPOs.
Our research opens a wide field for novel applications
of recurrence network theory in the experimental sig-
nal analysis.
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