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We extend the complexity entropy causality plane (CECP) to propose a multi-scale complexity entropy causality plane
(MS-CECP) and further use the proposed method to discriminate the deterministic characteristics of different oil-in-water
flows. We first take several typical time series for example to investigate the characteristic of the MS-CECP and find that
the MS-CECP not only describes the continuous loss of dynamical structure with the increase of scale, but also reflects the
determinacy of the system. Then we calculate the MS-CECP for the conductance fluctuating signals measured from oil—
water two-phase flow loop test facility. The results indicate that the MS-CECP could be an intrinsic measure for indicating

oil-in-water two-phase flow structures.
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1. Introduction

Two-phase flow is regarded as a nonlinear dynamic sys-
tem with complex characteristics of chaos and dissipation,!!=!
and the flow behavior presents high irregularity and structural
diversity. The distribution of two phases, i.e., flow structure,
affects the flow pressure loss and heat and mass transfer char-
acteristics of the two-phase flow, which has a great influence
on the accurate measurement of the flow characteristic param-
eters. Therefore, the identification of the flow structure has
become one of the key problems in the study of two-phase
flow. Recently, many methods have been applied to two-
phase flow analysis, including numerical simulation,©-8] ex-

9-121 power spectrum analysis, [!314]

perimental measurement, !
and nonlinear analysis.!'>~18] Especially, entropy, as an impor-
tant parameter to characterize complexity, has been proved to
be a powerful tool for identifying the two-phase flow. For in-
stance, Zheng and Jin!"°! proposed the multi-scale sample en-
tropy (MSSE) to classify different flow patterns of gas—liquid
two-phase flow. Fan er al.?°! employed the multi-scale per-
mutation entropy (MSPE) in detecting the dynamical com-
plexity of different flow conditions. These methods provide
a novel way of identifying flow patterns from the perspective
of complexity measure. Accordingly, seeking a complexity
measure to indicate the complexity of internal dynamic struc-
ture of two-phase flow can be of great help in uncovering the
flow characteristic of two-phase flow.

Based on the probabilistic description of a physical sys-
tem, a family of statistical complexity measures>'~>3] has
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been proposed. The members of this family purport to as-
certain the degree of periodicity and randomness of a system.
In particular, Rosso ef al.”**! proposed a representation called
the complexity entropy causality plane (CECP). Its horizontal
and vertical axes are the permutation entropy and the intensive
statistical complexity measure, describing the complexity of a
system in the respect of “information” and “disequilibrium”.
Compared with the permutation entropy, the CECP provides
additional information regarding the peculiarities of a proba-
bility distribution. This method is very promising to distin-
guish between a chaotic system and stochastic process, and

it has been applied to financial data analysis, >

commodity
market analysis, % the music classification, ") etc. However,
it is worth mentioning that the complexity of a system cannot
be measured univocally, because it also depends on the scale
of observation. In this regard, according to the complexity
entropy causality plane (CECP), we propose the multi-scale
complexity entropy causality plane (MS-CECP), and further
we use it to characterize different flow behaviors underlying

oil-in-water two-phase flows.

2. Statistical complexity measure

Before the discovery of chaos, physical processes were
broadly described in terms of two extreme models of behav-
iors: period and random.?®2° These two processes are both
simple, but in distinct senses: period is temporally repetitive
so that its probability distribution is centered around some pre-
vailing states; random affords a compact statistical description
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that can achieve any of its accessible states with the same prob-
ability. As two kinds of complexity measures, “information”
and “disequilibrium” describe the complexity of a system from
different perspectives: “information” shows the amount of in-
formation needed for describing the behavior of the system;
“disequilibrium” obtains the distance between a given proba-
bility distribution and the equilibrium probability distribution.
For the two simple processes, period has lower “information”
and higher “disequilibrium”, while random has higher “infor-
mation” and lower “disequilibrium”. In this regard, neither
“information” nor “disequilibrium” can give the same descrip-
tion of the complexity for the two simple processes.

In view of the characteristics stated above, Lopez—Ruiz
et al.”!! proposed a measure of complexity by relating “in-
formation” to “disequilibrium”. This measure of complexity
vanishes for the perfect order process and maximal random-
ness process, and in between these two extremes there exists
a wide range of possible degrees of physical structures. Based
on this kind of complexity measure, a class of statistical com-
plexity measure has been proposed, such as LMC (Lopez—
Ruiz, Mancini and Calbet) measure,?!) SDL (Shiner, Davi-
son and Landsberg) measure,?”! and the complexity measure
Cys.227241 The members of this family purport to detect the in-
tricate structures behind the dynamics and ascertain the degree
of unpredictability and randomness of a system.[??!

The complexity measure Cjs[P] proposed by Rosso et
al.?¥ is a function of the probability distribution P associated
with the time series. Cys[P] is defined as

Cis[P] = Qi[P, Pe|Hs[P], (1)

where Qj[P, P.] is the normalized Jensen—Shannon divergence,
and Hg[P] is the normalized Shannon’s entropy.

For a given time series {x(¢)}¥_,, we can obtain a recon-
structed vector X (i) by embedding the time series in an m-
dimensional space

X (@) = [x(i),x(i+7),...,x[i+ (m—1)1]],
i=N—(m—1)1, )

where m is the embedding dimension and 7 is the embedding
time delay. For each of these vectors, we arrange the per-
mutation T = [jo, ji,...,jm—1] of [0,1,...,m — 1] defined by
x[i+ (Go— D] <xli+ (1 —1)7] < - <x[i+ (jm—1 — 1)7].
Consider that j_1 < jg if x[i + (js—1 — 1)7] = x[i+ (js — 1) 7]
so as to obtain a unique result. Therefore, for all m! possible
permutations of 7, the probability distribution P = {p(m;),k =
1,...,m!} is given by
#HX@)|i<N—(m—1)t; X(i) has type m}

p(m) = N_(m—T)t ;

where # denotes the occurrence frequency of the permutation

3

type 7. Thus, the normalized Shannon’s entropy is given by

Hs(P) =S(P)/In(m!), 4)

m!

where S[P] = — ¥, p(m)In(p(m)) is the standard Shannon’s
k=1

entropy.

The embedding dimension m and the time delay 7 play an
important role in calculating the appropriate probability distri-
bution. In particular, Bandt and Pompe[®!! suggested the di-
mension 3 < m < 7 and the time delay 7 = 1 for practical pur-
poses. In the present work, we use m = 6 based on the false
nearest neighbors (FNNs)[32l and 7 = 1. Moreover, it is nec-
essary to ensure the length of the time series N > m! in order
to achieve a reliable statistic.

Jensen—Shannon divergence is a method of measuring
It ob-
tains the distance between the probability distribution P =

the similarity between two probability distributions.

{p(m),k=1,...,m!} and the equilibrium probability distri-
bution P. = {py = 1/m!;k = 1,...,m!}, which describes the
disequilibrium of the probability distribution. The Jensen—
Shannon divergence Q5[P, P:] reads

Oi[P,Fe] = Qo{S[(P+ Fe)/2] = S[P|/2 = S[F] 2}, (5)

where Qg is a normalization constant, and its value is

00=-2{ (%m(mz +1) = 2In(2m!) +In(m!) }71. ©6)

The complexity measure Cjs provides additional infor-
mation that cannot be reflected by the permutation entropy.
Moreover, it can quantify the degree of structural correlations
and detect intricate structures or patterns behind the dynamics.
Since the opposite extremes of perfect order process and max-
imal randomness process contain neither nontrivial nor com-
plex structures, they are defined to have zero statistical com-
plexity.

In order to study the time evolution characteristics of Cjg,
Rosso et al.[>*! proposed a representation space called com-
plexity entropy causality plane (CECP), with its horizontal and
vertical axis being the normalized permutation entropy Hs and
the complexity measure Cjg, respectively.

3. Complexity entropy causality plane

We analyze three different classes of signals: (a) periodic
process (PP), (b) chaotic system (CS), and (c) stochastic pro-
cess (SP) as illustrative examples, in order to study the ability
to recognize different types of signals in the CECP.

(i) The sine signal x = sin(0.37¢) is chosen as a kind of
PP, and the sampling interval is selected to be 0.01.

We select the following five kinds of CSs:

(ii) Logistic map:

Xn+1 :rxn(l _xn)> )

where the value r = 4 and the initial value xy = 0.512.
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(iii) Henon map:

{anrl = l_ax%"_yn, ®)

Yn4+1 = bxna
where a = 1.4, b = 0.3, and the initial value (xp,yp) =

0.1,0.1). In particular, we take x variable for analysis.
p y
(iv) Skew tent map:

x/o, x€(0,0),
{(1—)5)/(1—(0), x€ (1), 9

where we use the value @ = 0.1847.
(v) Lorenz system:

X= S(yfx)a
Yy=rx—y—xz, (10)
z=xy—bz,

where s = 16, r = 4592, b = 4 and the initial value
(x0,¥0,20) = (—1,0,1). In particular, we only use x-values
for analysis.

(vi) Schuster maps: a class of maps that display laminar
regions separated by chaotic bursts as

Xn+1 :xn+xlz1a mod 17 (11)

the size of laminar region reduces with the decrease of z, mak-
ing the system close to a fully chaotic system and more com-
plex. The initial values are xo = 0.05 and z = 2.5, 2, 1.5, re-
spectively.

(vii) Noises with f~% power spectrum (k-noise), >*! which
are selected as a kind of SP: for different k values, the k-noises
exhibit different random characteristics.

For all the cases the length of time series we study here is
4% 10, meeting the condition N > m!. The results of both Hg
and Cjs are plotted in Fig. 1.
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Fig. 1. (color online) CECPs for several typical dynamic systems.

As shown in Fig. 1, the result of the sine signal is lo-
cated in the lower left of the plane, near to the coordinate point

(0.1,0.1). The low values of Hs and Cjg are consistent with
the low complexity and regular structure of sine signal. In this
way, we name this area the regular region (R-region).

For the discrete chaotic system, i.e., the Logistic map, the
Henon map, and the skew tent map, the results in Fig. 1 show
that 1) Hg is situated between 0.4 and 0.7, 2) Cjg is located
between 0.4 and 0.5, near to the maximum value. Higher Cjg
and Hs values are caused by intricate structures immersed in
the CS. Therefore, we name this region the intricate region (I-
region). As for the continuous chaotic system, the Lorenz sys-
tem obtains relatively low Cjs and Hs values compared with
the other CSs. The Schuster maps exhibit different chaotic
degrees, depending on the z value. As shown in Fig. 1, for
different z values, Schuster maps are located at three different
points in the CECP. The less the value z, the higher the val-
ues of Cys and Hs will be. The results show that the CECP
is an effective tool for quantifying different chaotic degrees of
chaotic systems.

For the k-noises with 0 < k < 3, the Hs values are in a
range from 0.5 to 1, while the Cjg values range from 0.35 to
0. With the increase of k, the correlations between consecutive
points in the time series become obvious and, accordingly, Hs
decreases. In particular, for smaller k values: k=0and k =1,
the k-noises almost become ideal noises, with Hg ~ 1 related
to its irregular and unpredictable characteristic and Cys ~ 0,
for it does not contain any non-trivial structures. In this regard,
we name this area the noise region (N-region). Obviously, the
CECP can quantify the degrees of randomness for different
colored noises.

Consequently, the CECP can measure the complexity in-
duced by the correlational structures and distinguish different
classes of signals, where chaos and noise are located at dif-
ferent positions. Such a representational property could be
useful to analyze the real data which are always mixed with

omnipresent noise.

4. Multi-scale complexity entropy causality
plane for typical systems

In Fig. 1, the point of the Lorenz system is close to that of
the Schuster map with z = 2, but the dynamic characteristics of
the two systems are different from each other. In this regard,
the CECP has its limitation in revealing dynamical character-
istics with a single scale. To better understand the dynamic
characteristics of a system, we combine the CECP with the
multi-scale technique, 33! yielding MS-CECP.

The method of the multi-scale technique is described as
follows: for a given time series {x(¢),# = 1,2,...,N}, recon-

struct it with the scale s and obtain the coarse grained time
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series {y*(j),j =1,2,...,N/s} which is generated by
1 &

Y ==
S i=(—D)s+1

x(1), 12)

1< j<N/s.
Obviously, the obtained coarse-grained time series is the orig-
inal time series when the scale is 1.

Here, we take sine signal, Logistic signal, Lorenz signal,
Schuster maps with z = 2.5, 2, 1.5, as well as k-noise with
k = 0 for example to analyze the dynamics of the MS-CECP,
and select the maximum scale to be 60.

Before multi-scale analysis, it is necessary to take into ac-
count the effect of the length of time series on the calculated
results. According to Eq. (12), the length of coarse-grained
time series reduces with increasing the scale. However, to
make the probability distribution work with a reliable statis-
tic, we should ensure that the length of the time series meets
the condition N > m!. In this regard, we examine the results
for different sequence lengths, with the original signal lengths
of 1 x10% 5x 10% 1.0 x 103, 1.5 x 103, and 2.0 x 10°, re-
spectively (see Fig. 2).
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(d) k—noise (k=0)

Fig. 2. (color online) MS-CECPs for four typical systems, with the original sequence lengths of 1 x 10%, 5 x 10*, 1.0 x 10°, 1.5 x 10°,
and 2.0 x 10° respectively: (a) sine signal; (b) Logistic signal; (c) Lorenz signal; (d) k-noise (k = 0).
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Fig. 3. Cjs and Hs versus scale, and MS-CECPs for four typical systems with the sequence length of 2.0 x 10°: (a) sine signal; (b)

Logistic signal; (c) Lorenz signal; (d) k-noise (k = 0).

For all systems in Fig. 2, the results for different sequence
lengths diverge more notably as the points move into the lower
right of the MS-CECP (N-region).

behavior is that the probability distribution is close to the

The reason for such a

stochastic distribution for the point near the N-region. How-
ever, stochastic distribution requires a large number of data as
a support to show its random feature, in this way the length
of sequence has a greater influence on the calculated results.
Meanwhile, for the sine signal and the Lorenz signal, we can
see that the sequence length of 5 x 10* can afford a relatively
accurate result, and the length of the coarse-grained time se-
ries meets the condition N > m! = 720 when the scale is up to
60. To better reflect the dynamic characteristics of MS-CECP,
we select sequence length of 2 x 10°. The MS-CECPs for sine,

Logistic, Lorenz signals, and k-noise with k = 0 are shown in
Fig. 3.

As shown in Fig. 3, for all four typical systems, Hs con-
stantly increases with the scale or increases to the maximum
value and tends to be constant. The reason for the increase
of Hg is that the sampling interval lengthens with the increase
of scale s (see Eq. (12)), which enhances the loss of correla-
tions in the reconstruction of the coarse-grained time series.
Among them, Hs values of the Logistic signal and the k-noise
(k = 0) quickly turn close to their corresponding maximum
values with the increase of scale s, as the coarse-grained time
series becomes similar to random, therefore the maximum en-
tropy is still maintained. That is, the increase of Hs is approx-

imately consistent with the increase of scale, indicating the
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decrease of correlations. In this case, Hs in the CECP could
be regarded as an indicator of time. >3] At the same time, with
the increase of scale (or the increase of Hs), the representative
points of the four typical systems all evolve from R-region to
N-region. But the four systems differ in their trajectories in the
MS-CECEP. Since different regions in the MS-CECP present
different characteristics, we combine the results of MS-CECP
with the corresponding coarse-grained time series (as shown
in Fig. 4) to observe the changes of signal structures with the
increase of scale.

It is necessary to mention that underlying correlations are
responsible for the dynamical structures and constitute the de-

[23]

terministic behavior of a system, therefore the correlations

are represented by some correlational structures in the time
series.
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In Fig. 3(a), we can see that the trajectory of the sine sig-
nal in the MS-CECP moves from the R-region to the I-region
as scale increases. Meanwhile, as shown in Fig. 4(a), the fre-
quency of the sine signal increases with the increase of scale,
but the sinusoidal structure is still held. Hs and Cjs values
increase as the increase of frequency.

In Fig. 3(b), the trajectory of the Logistic signal moves
quickly from the I-region into the N-region with the increase
of scale, which indicates that the correlation decreases rapidly,
quickly becoming similar to the random noise signal. From
Fig. 4(b), we can see that the correlational structure of the Lo-
gistic signal, such as the structures in the red block, is lost fast
as the scale increases, which accords with the results of the
MS-CECP.
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Fig. 4. (color online) Coarse-grained time series of four typical systems on different scales: (a) sine signal; (b) Logistic signal; (c)

Lorenz signal; (d) k-noise (k = 0).
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In Fig. 3(c), as the scale increases, the trajectory of the
Lorenz signal first moves from the R-region to the I-region at
low scales and then moves from the I-region to the N-region
at high scales. Now we observe the changes of signal struc-
tures in Fig. 4(c). As scale s ranges from 1 to 10 (i.e. rising
process), the coarse-grained time series for the corresponding
scales still keeps the correlational structure like the original
signal (s = 1) and increases only in frequency, which is similar
to the scenario of the sine signal. On the other hand, as scale
s ranges from 15 to 50 (i.e., in a decline process), the corre-
lations decrease quickly, and the correlational structure of the
coarse-grained time series becomes blurred, thereby missing
the structure of the original signal (s = 1), which is similar to
the case of the Logistic signal.

In Fig. 3(d), the results of the k-noise with k = 0 gather in
the N-region, which is in agreement with the random feature
of time series as shown in Fig. 4(d).

According to the above analyses, we find some character-
istics for different regions in the MS-CECP. As the trajectory
of a system in the MS-CECP moves from the R-region to the
I-region (rising process) with the increase of scale, the cor-
relational structure is lost, but it can still keep some certain
structural information of the original signal, corresponding to
the sine signal and the Lorenz signal at low scales. In ad-
dition, the instability of correlation structures increases with
the increase of scale, reaching a maximum in the I-region. In
this way, we call this process “structure keeping stage”. As
the scale continuously increases, the instability of correlation
structures becomes so severe that they cannot hold their corre-
lations. As a result, the correlational structures are lost quickly
and fade away into the N-region which does not contain non-
trivial structures, corresponding to the Logistic signal and the
Lorenz signal at high scales. Thus we call this process “struc-
ture losing stage”. In this way, the MS-CECP reveals the loss
of the information concerning the correlational structures.

It is worth mentioning that the correlational structures
constitute the hallmark of determinacy of a system./**! Fur-
ther on, we conclude that the MS-CECP reflects the determi-
nacy of the correlational structures behind the dynamics. As
the trajectory of the sine signal moves from the R-region to
the I-region, it can maintain the sinusoidal structure with the

W Schuster z =1.5

® Schuster z =2

increase of scale, in this way the dynamical structure of the
sine signal possesses a high degree of determinacy. As lo-
cated in the I-region of the CECP (Fig. 1), the Logistic signal
has intricate structures with higher indeterminacy than the sine
signal. As scale increases, the trajectory of the Logistic signal
moves from the I-region to the N-region and the correlational
structures lose quickly as a result of high indeterminacy. The
Lorenz signal has a relatively high degree of determinacy at
low scales but weakens at high scales. In other words, the de-
gree of extending from the R-region to the N-region (we call
it “extended degree” in the following) reflects the determinacy
of a system: the lower the degree, the more deterministic the
system is.

Each system has its own unique trajectory in the MS-
CECP, which reflects its deterministic characteristics, so the
MS-CECP can serve as an intrinsic measure for indicating the
determinacy of a system.

Schuster signals with different z values exhibit different
chaotic degrees, which are shown as laminar regions separated
by chaotic bursts (see the red block). The size of laminar re-
gion reduces as z decreases, resulting in the enhancement of
chaotic degree and the decrease of determinacy.

Figure 5 shows the MS-CECPs for Schuster maps with
z=1.5,2, and 2.5, respectively. Correspondingly, we also give
the coarse-grained time series of Schuster signals at different
scales in Fig. 6. For z = 2.5, with the increase of scale, the
Schuster signal is located in the R-region (Fig. 5), and can still
keep clear correlational structure, which is shown as a laminar
region separated by chaotic bursts (Fig. 6(c)). For z = 2, with
the increase of scale, the trajectory in MS-CECP moves from
the R-region to the I-region (Fig. 5). Although the correla-
tional structure of the signal becomes fuzzy, some information
about the initial structure is still maintained (Fig. 6(b)). For
z = 1.5, the trajectory in MS-CECP quickly moves from the I-
region into the N-region with the increase of scale (Fig. 5), and
the correlational structure of signal is lost quickly (Fig. 6(a)).
Consequently, the different distributions of the Schuster maps
with different chaotic degrees in the MS-CECP further demon-
strate that the MS-CECP can reflect the determinacy of the
system.

A Schuster z =2.5

0.5 0.5
r 1.0+
0.4r "
L 0.8
w 0.3F
) I - . o 06
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0.1/ 'I\ 0.2
O 0 L L L L O L L " L " L " 1 L L L
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Fig. 5. (color online) MS-CECPs for Schuster maps with z = 1.5, 2, and 2.5.
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Fig. 6. (color online) Coarse-grained time series of Schuster signals at
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different scales: (a) z=1.5; (b) z=2; (c) z=2.5.

5. Multi-scale complexity entropy causality
plane for two-phase flow

An oil-water two-phase flow experiment is carried out in
a 20-mm diameter vertical upward transparent Plexiglas pipe
in the multiphase flow loop of the Tianjin University. We fix
the total oil-water flow velocity, and then change the blending
ratio between water and oil phase to obtain the oil-water two-
phase flow with different water volume fractions. The conduc-
tance fluctuating signals of different flow patterns are obtained
by the half-ring conductance sensor,** which has achieved
good results in the measurement of two-phase flow.[3>=7 In
this experiment, the values of total oil-water flow velocity Up,
are 0.0184, 0.0368, 0.0736, 0.1104, 0.1472, 0.1840, 0.2208,
and 0.2576 m/s and the values of water cut K, are 85%, 90%,
92%, 94%, 96%, and 98%. The sampling frequency of con-
ductance signal is 2 kHz, and each flow pattern records 30
seconds, collecting a total of 6 x 10* data.

Figure 7 shows the conductance fluctuating signals of ver-
tical upward oil-water two-phase flow, which reflect the con-
ductance characteristics of the two-phase flow. Owing to the
difference in conductivity characteristic between oil and water,
the amplitude of measured signal increases with the increase
of oil cut through the sensor. In particular, when the test sec-
tion is full of water, the voltage of the signal indicates a zero
value. In order to understand the flow structure visually, we
give the picture of the flow structure along with the signal.

The MS-CECP of the two-phase flow system is obtained
as follows: 1) for an experimental signal, we reconstruct it by
using Eq. (12), and for each scale we obtain a coarse-grained
time series; 2) as shown by the method described in Section 2,
we can obtain the values of both Hs and Cjg by calculating the
coarse-grained time series for each scale, which corresponds
to a point in the MS-CECP. In this way, we obtain the trajec-
tory of the two-phase flow system in the MS-CECP with the
increase of scale s, which describes the change of Hs and Cys
of the two-phase flow system with the increase of scale.

Due to the similarity between the chaotic signals and the
experimental signals, we draw support from the MS-CECP to
analyze the flow characteristics of vertical upward oil-water
two-phase flow, and the results are shown in Fig. 8. In particu-
lar, the sequence length of experimental signal for calculating
the MS-CECP is selected to be 5 x 10%, and the maximum
coarse scale is 60. From the results in Fig. 8, we can see that
the trajectories in the MS-CECP are similar to those of the
Lorenz signal, but different from those of the Logistic signal
which moves into the N-region quickly with the increase of
scale,: in this way signal length of 5 x 10* is enough to ensure
an accurate result.
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Fig. 7. (color online) Vertical upward oil-in-water flow conductance fluctuating signals with different total flow velocities and water cuts.
(@) U = 0.0184 m/s, (b) Uy = 0.0368 m/s, (¢) Uy = 0.0736 m/s, (d) Uy = 0.1104 m/s, (e) Up, = 0.1472 m/s, (f) Uy = 0.1840 m/s, (g)

Um = 0.2208 m/s, (h) Uy, = 0.2576 m/s.

As can be seen in Fig. 8, with the change of total flow
velocity and water volume fractions, the general shapes of the
trajectories for different flow conditions are similar to each
other to some degree, but different in the extension degree
from the R-region to the N-region. As discussed in Section
4, the extension degree actually reflects the determinacy of the
system. In this way, we then combine the oil-water two-phase
signals with the corresponding flow structure (Fig. 7) to ana-
lyze the results in Fig. 8.

In the MS-CECP, the horizontal axis Hs reflects the cor-
relation and regularity of the time series: the more irregular
and random the time series, the bigger the value of Hg is. The
vertical axis Cjs considers the perfect order process and max-
imal randomness process as the same complexity of zero, and
the value of Cys is small when the time series is periodic or
stochastic. In this way, by combining Cys with Hg to form the
CECP, we can recognize the periodic process (in the lower left
of the CECP) or stochastic process (in the lower right of the
CECP) and ascertain the degree of periodicity and random-
ness of a system. The flow behavior of oil-water two-phase
flow presents high irregularity and structural diversity, includ-
ing the periodic motion of oil slugs, the stochastic motion of
disperse bubbles, etc. Different flow structures contain differ-
ent proportions of periodic and random behaviors which con-
tribute to different deterministic characteristics. In this regard,
the MS-CECP which can quantify the degree of period and
random process is suited for distinguishing the flow behaviors
of two-phase flow.

For the same total flow velocity Uy,, increasing the water
cut K, causes the large oil droplets to become unstable and to
break into small droplets due to the increase of turbulence en-
ergy. At low total flow velocity, the flow structures gradually
transit from large oil slugs to small oil bubbles as K\, increases,
which can be seen in Figs. 7(a)-7(d). However, no matter what
the flow structure is, the flow behaviors all exhibit the intermit-

tent motion of oil slugs or oil bubbles. In other words, an oil
pack that is composed of oil slugs or oil bubbles is periodically
repeated, followed by a liquid slug. Owing to this repetitive
movement, the flow dynamic characteristic is simple and the
flow behavior presents a high determinacy. Correspondingly,
the results of MS-CECP in Figs. 8(a)-8(d) extend from the
R-region to the I-region, to relatively lower extension degree,
indicating that the flow dynamic characteristic has a high de-
gree of determinacy. In particular, for Uy = 0.0184 m/s and
0.0368 m/s, when Ky, values are 96% and 98%, the flow struc-
ture behaves as the intermittent motion of a single oil bubble
or very few bubbles. Such a flow behavior is simpler than the
flow condition with more oil bubbles or oil slug, so it obtains
the lowest extended degree in the MS-CECP. In addition, when
the increase of Uy, the number of oil bubbles in oil packs in-
creases, making the determinacy of the flow structure decrease
due to the irregular movements of bubbles. In this regard, the
extension degree heightens slightly as the total flow velocity
Uy, increases.

When the total flow velocity Uy increases to
0.1472 m/s~0.2576 m/s (Figs. 7(e)-7(h)), with the increase
of Ky, breakage forces keep acting on oil droplets and the
droplets become smaller and greater in number and they are
separated from each other, which turns the flow structure into
disperse bubble flow. Accordingly, the flow behavior is in a
gradual transition from the intermittent motion of oil packs
to disperse bubble flow as K, increases, differing from the
scenario from Uy, = 0.0184 m/s~ 0.1104 m/s. As the flow be-
haviors are converted from the repetitive motion of oil packs
to the stochastic motion of disperse bubbles, the dynamics of
flow structures become more and more indeterminate. Cor-
respondingly, in Figs. 8(e)-8(h), with the increase of K, the
extension degree increases continuously, which indicates that
the determinacy of the flow structure is on the decrease.
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Fig. 8. (color online) MS-CECPs for vertical upward oil-in-water flow conductance fluctuating signals with different total flow
velocities and water cuts. (a) Uy, = 0.0184 m/s, (b) Uy, = 0.0368 m/s, (c) Up, = 0.0736 m/s, (d) Uy, = 0.1104 m/s, (e) Uy, = 0.1472 m/s,

(f) Un = 0.1840 m/s, (g) Uy, = 0.2208 m/s, (h) Uy, = 0.2576 m/s.

The deterministic characteristic reflects the regular be-
havior of the flow structure. In the oil-in-water two-phase
flow experiment, the intermittent motion of oil slugs or oil
bubbles is quasi-periodic, while the stochastic motion of dis-
persed bubbles is irregular and random. In this way, the flow
behavior of the intermittent motion of oil slugs or oil bub-
bles is more deterministic than that of the stochastic motion

of disperse bubbles. Because of the intermittent and quasi-

periodic motion of oil slugs or oil bubbles, the experimental
signals present high correlations and regulations, in which Hg
increases slowly with the increase of scale and Cjs descends
There-
fore, the trajectory of the MS-CECP moves slowly from the

slowly toward the N-region as the scale increases.

R-region to the N-region due to the strong ability of keeping
this deterministic structure. On the other hand, owing to the

stochastic motion of disperse bubbles, the flow behavior is
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indeterminate and unpredictable, therefore Hs increases fast
with the increase of scale and Cjs descends quickly toward the
N-region as the coarse-grained time series become more and
more random with the increase of scale. Hence, the trajectory
of the MS-CECP moves quickly from the R-region into the N-
region. When fixing the total flow velocity Uy, and gradually
increasing the water fraction K, the flow structure gradually
transforms from the intermittent motion of oil slugs or oil bub-
bles to the stochastic motion of dispersed oil bubbles, and in
this process the degree of deterministic characteristic of the
flow structure decreases gradually. As the flow behavior be-
comes more and more irregular and unpredictable, the growth
rate of Hg becomes rapid and the descending degree of Cjg in-
creases toward the N-region. Therefore, the trajectory of the
MS-CECP moves more and more quickly from the R-region to
the N-region as the flow structure gradually transforms from
the intermittent motion of oil slugs or oil bubbles into the
stochastic motion of dispersed oil bubbles. Correspondingly,
the extension degree of the trajectory from the R-region to the
N-region in the MS-CECP becomes higher and higher with
the increase of Ky,. In this regard, the MS-CECP can clearly
reflect the difference in determinacy between the flow struc-
tures in this transient process. As a consequence, the above
results suggest that the MS-CECP can detect the deterministic

characteristics of different flow patterns.

6. Conclusions

The CECP, which is regarded as a measure of complex-
ity induced by the correlational structure, can quantify the de-
gree of periodicity unpredictable and further detect intricate
structures or patterns behind the dynamics. To better charac-
terize the dynamic characteristics of a system, we combine the
CECP with the multi-scale method to propose the MS-CECP.
Through the analysis of several typical dynamic systems, we
find that the MS-CECP reveals the loss of the information of
a typical dynamical system and can reflect the determinacy of
the system. We use the MS-CECP to investigate the oil-in-
water two-phase flow and find that the MS-CECP can detect
the deterministic characteristics of different flow patterns. Our
results suggest the MS-CECP could be an intrinsic measure for

indicating two-phase flow structures.
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