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ABSTRACT: Accurate diagnosis of liquid loading in gas wells is hindered by inconsistent criteria for identifying
the critical liquid-loading condition and by reliance on subjective observation during the development of physical
models. To address this issue, controlled laboratory experiments were conducted to investigate pressure fluctuations
in gas–liquid two-phase flow under different flow regimes, with the aim of establishing a quantitative criterion to
identify such critical conditions. High-frequency pressure signals were collected and analyzed using complementary
ensemble empirical mode decomposition (CEEMD). Characteristic parameters describing slug flow, annular flow, and
the critical liquid-loading condition were extracted accordingly, including signal variance, intrinsic mode function
energy entropy, and kurtosis. The results demonstrate that the critical liquid-loading state exhibits distinctive
pressure fluctuation features compared with slug and annular flow regimes. Evidence is provided that, by integrating
statistical indicators with fractal-based analysis, the proposed method enables reliable identification of the critical
liquid-loading condition.
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1 Introduction

Globally, shale gas resources are abundant in reserves, yet their development progress is relatively slow.
The core obstacle lies in the extremely low permeability of shale matrices, which significantly exacerbates
the technical challenges in exploration and development. Currently, more than 90% of well locations require
reservoir stimulation measures [1] such as acidizing and hydraulic fracturing to achieve economically
effective production enhancement. The innovation of hydraulic fracturing technology and the advancement
of horizontal well drilling technology are undoubtedly the key factors driving the leapfrog growth of
shale gas production. In hydraulic fracturing operations, a large amount of fracturing fluid (up to tens of
thousands of cubic meters) is injected into the reservoir to stimulate production enhancement. However,
the flowback efficiency of fracturing fluid on-site is low, and there is a lack of scientific and systematic
theoretical guidance, with operations mostly relying on regional experience. This phenomenon is observed
in multiple shale gas basins around the world. For instance, the flowback rate is approximately 50% in
the Barnett Basin, 31% in the Niobrara Basin, as low as 5% in the Haynesville Basin, and even drops to 3%
in some well locations in the Fuling area [2] of China. Low gas well flowback efficiency not only leads
to resource waste, but also exacerbates the liquid loading problem in shale gas wells during the initial
production stage, posing a threat to long-term stable production.
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To address the liquid loading problem, the currently widely used solution [3] is to evaluate production
conditions based on the critical liquid-carrying flow rate model. A variety of empirical and mechanistic
models have been developed to predict the critical velocity, such as those proposed by Turner [4],
Coleman [5], and Zheng [6,7] et al., which typically rely on diagnostic criteria like minimum kinetic
energy or zero net liquid flow. However, these models often differ in their underlying assumptions and
quantitative thresholds, leading to inconsistent predictions in practice. More importantly, the determination
of the critical liquid loading state itself in laboratory experiments remains largely subjective, frequently
depending on visual observation or the interpretation of pressure gradient changes. This subjectivity
seriously affects the accuracy and reliability of model validation and application. For example, some
scholars [3] have explored using the minimum point of pressure gradient as the criterion for the critical
point, while Luo [8] proposed a new criterion based on zero negative frictional pressure drop, highlighting
how varying quantitative criteria significantly impact experimental outcomes and model construction.

To provide a scientific basis for establishing a more accurate and reliable critical liquid-carrying
flow rate model, this study conducts laboratory experiments, utilizes signal decomposition to quantify
discriminant criteria, and quantifies the judgment standards for the critical liquid-carrying state. This
approach overcomes the subjectivity and uncertainty of existing judgmentmethods, advances the technology
for diagnosing liquid loading in shale gas wells, and contributes to improving the efficiency and economic
benefits of global shale gas development.

2 Experiment on Discrimination of Critical Liquid-Carrying State

Under the experimental conditions, to avoid the limitation of strong subjectivity in the visual
observation method, this study adopts an innovative approach of quantitatively characterizing the critical
liquid loading state through high-frequency pressure signals. It introduces numerical criteria for pressure
signals, uses high-frequency pressure signal receivers to monitor pressure fluctuations of various flow
patterns, and employs the visual observation method for auxiliary verification, thereby correlating the
critical liquid-carrying state with specific pressure signal fluctuation characteristics. Adjust the gas flow
rate from low to high. Considering that the pressure signal at the inlet will be affected by the back pressure
caused by the fallback of the liquid phase, the high-frequency pressure signals at the gas-liquid inlets are
recorded in real time. Through research, it is known that the critical liquid loading state of gas carrying
liquid lies between slug flow and annular flow [9].

Through visual experiments, this study simulates the dynamic process of liquid carrying in gas wells.
The experimental setup is shown in the Fig. 1 below:

The experimental study on simulating the critical liquid-carrying state of gas-liquid two-phase flow
was conducted in the Laboratory of Multiphase Pipe Flow, where the critical liquid loading state under
conditions of different pipe diameters and different gas-liquid flow rates was observed. Water and air
were used respectively to simulate the two-phase flow of wellbore produced water and natural gas. Under
normal temperature and pressure conditions, the air density, air dynamic viscosity is 𝜌𝑔 = 1.184 kg/m3,
water density is 𝜇𝑔 = 1.184 × 10

−5 Pa ⋅ s, water dynamic viscosity is 𝜌𝑤 = 997.05 kg/m3, and the gas-water
interface surface tension is 𝜎 = 0.07197 N/m.

Experiments were conducted using organic glass tubes with inner diameters of 75 mm and 60 mm
respectively. In indoor experiments, the length of the flow channel is 10 m, which ensures sufficient
distribution of the flow pattern. The liquid film reversal was observed via a high-speed camera to determine
the critical liquid loading state of gas flow carrying liquid, and the gas flow velocities under different liquid
volume conditions were recorded. The experimental procedures are as follows: 1⃝ The liquid phase flows
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out of the buffer tank, passes through the plunger pump and liquid flowmeter, and then enters the liquid
pipeline; 2⃝ Air passes through the compressor, buffer tank, and gas flowmeter, and then enters the gas
pipeline; 3⃝ The two phases (liquid and gas) are mixed in the mixer at the front end of the test pipeline to
form a two-phase fluid, which then enters the test pipe section; 4⃝With the liquid phase flow rate fixed,
the gas volume is adjusted from high to low. The liquid phase fallback state is determined by observing
the transparent test pipe section via a high-speed camera, and the gas flow velocity at this moment is
recorded as the critical liquid-carrying flow velocity under the corresponding liquid volume; 5⃝ Adjust the
liquid volume, pipeline inclination angle, and pipe diameter multiple times respectively, and repeat the
above steps.

Figure 1: Laboratory setup diagram.

All pressure fluctuation parameters are collected and stored using the NI PCI-6220 64-bit multifunctional
data acquisition card, with a data acquisition frequency of 200 Hz. The NI PCI-6220 data acquisition card
is equipped with 8 differential, 16-bit resolution voltage-type analog input interfaces and 24 digital I/O
interfaces. The analog sampling rate is 250 kS/s. After the system is turned on, the sensor output signal
is converted into an industrial standard signal through the signal conditioning module, which is then
transmitted to the AI port of the PCI-6220 and converted into a digital signal recognizable by the PC.

The distribution diagram of the gas-liquid two phases under the critical liquid loading state is shown
below. In this state, both liquid droplets and liquid films exist simultaneously (Fig. 2).

  
Figure 2: Distribution of gas-liquid two-phase flow under different liquid flow rates during critical liquid transport.
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3 Analysis of Pressure Signals under the Critical Liquid Loading State

Since the critical liquid loading state of gas carrying liquid lies between slug flow and annular flow, this
study focuses on monitoring the pressure fluctuations of slug flow and annular flow, aiming to capture and
analyze the pressure signal characteristics corresponding to the critical liquid loading state in the transition
zone between these two flow patterns. First, an analysis is conducted on the fluctuations of the gas-liquid
two-phase flow pressure signals captured in the experiment under the slug flow state (Fig. 3):

① ② ③ 

Figure 3: Slug flow pressure fluctuation signal.

The slug flow pattern exhibits strictly periodic motion, and the fluctuation amplitudes caused by the
changes in its cycle period, liquid slug length, and liquid slug velocity over time are very small [10]. When
slug flow occurs in the pipeline, the pressure fluctuation at the pressure measurement point is closely related
to the movement position of the liquid slug. Since slug flow exhibits obvious regularity and periodicity
during the flow process, the pressure fluctuation at the pressure measurement point will inevitably show
periodic fluctuation as well. When gas enters the riser, causing the tail of the liquid slug to move away
from the pressure measurement point, the pressure decreases rapidly (State 1⃝). When the accumulated
liquid phase blocks the pipeline, the subsequent gas expansion accelerates the accumulated liquid phase,
which then passes through the pressure measurement point in one go—at this moment, the pressure at the
pressure measurement point rises sharply (State 2⃝). After the liquid phase passes through, a new round of
liquid phase accumulation occurs at the bottom of the pipeline, and the pressure fluctuation remains stable
for a period of time (State 3⃝).

It can be seen from Fig. 4 that compared with slug flow, the pressure amplitude of annular flow during
flow is smaller. The annular flow recorded in the experiment belongs to the early flow state of annular
flow. The pressure at the pressure measurement point fluctuates slightly because the liquid ring climbs in a
pulsed manner. Compared with slug flow, the pulsation frequency of the pressure signal is higher, while
the pulsation amplitude is relatively smaller. Under the conditions of the same inclination angle and liquid
production rate, it is easy to determine whether the gas-liquid two-phase flow in the pipeline is in the slug
flow or annular flow stage through pressure fluctuations.

It can be seen from Fig. 5 that the pressure fluctuation in the critical liquid loading state neither has
the periodicity of slug flow nor the stability of annular flow. Its pressure fluctuation is smaller than that of
slug flow but larger than that of annular flow. Under the critical liquid loading state, as the liquid phase
accumulates, occasional liquid phase surges may still form, and this is reflected in the pressure fluctuation
as shown in 1⃝. The pressure fluctuation in the critical liquid loading state does not require a long-term
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liquid phase accumulation process, which is a difference from slug flow (see 3⃝ in Fig. 3). The reason is
that the liquid phase in the critical liquid loading state does not experience large-scale fallback like that
in slug flow; instead, it forms a local liquid seal at the pipe wall. As the liquid phase accumulates and the
liquid phase in the gas core falls back, partial and non-intense liquid phase surges are formed. Although
the formation of surges does not require liquid phase accumulation, the situation shown in 2⃝ of Fig. 5
may still occur. Different from slug flow, the liquid phase stability in the critical liquid loading state is not
for accumulating liquid to form liquid slugs; instead, it is because the liquid phase is in a relatively static
state—unable to be carried upward by the gas phase and unable to fall down due to the blowing of the gas
phase. When the equilibrium point is disturbed and disrupted, the situation will return to that shown in 1⃝
of Fig. 5.

Figure 4: Annular flow pressure signal.

① ② 

Figure 5: Pressure signal of critical liquid carrying state.

Through the monitoring and analysis of high-frequency pressure signals at the measurement points,
different flow states exhibit different types of pressure signal fluctuations. To eliminate the subjectivity
of the visual observation method in flow observation, it is objective and feasible to record and define the
critical liquid loading state using pressure fluctuation signals. Obvious signal fluctuation patterns can
be observed in Figs. 6–9, and the critical liquid loading state can be accurately defined by analyzing the
regularity characteristics of pressure signals.
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Figure 6: Comparison of pressure signals under different flow states with a tilt angle of 15◦.

Figure 7: Comparison of pressure signals under different flow states with a tilt angle of 30◦.

Figure 8: Comparison of pressure signals under different flow states with a tilt angle of 45◦.

Figure 9: Comparison of pressure signals under different flow states with a tilt angle of 60◦.
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4 Processing of Pressure Signals under the Critical Liquid Loading State

It can be seen from Fig. 6 to Fig. 9 that there are significant differences in the pressure fluctuation
signals under different flow states in the pipeline. From this, a conclusion can be drawn: if statistical
parameters that are different from those under other gas-liquid carrying states and can characterize the
flow pattern characteristics can be obtained from the pressure fluctuation signals [11–13], the flow pattern
of the critical liquid loading state can be further identified.

To further analyze the high-frequency signals, this study adopts the Empirical Mode Decomposition
(EMD) method [14] to convert the differential pressure fluctuation signals into single-frequency waves.
This method can decompose the data sequence to be processed into a limited number of Intrinsic Mode
Functions (IMF). Each IMF component obtained through the decomposition can effectively cover the
local characteristics of the original time series at different scales [15]. The core idea of Empirical Mode
Decomposition (EMD) is to convert a waveform with irregular frequency characteristics into a combination
of multiple single-frequency waveforms and a residual waveform, i.e., Original Waveform = ∑ IMFs +
afterwave [16].

Decomposition Process of EMD:
(1) First, identify all the maximum points of the differential pressure fluctuation signal 𝑥(𝑡). Construct a

data sequence from these maximum points by solving the triple-moment equation set to obtain the
first curve 𝑥max(𝑡). Then, construct another data sequence from all the minimum points of the signal
to obtain another curve 𝑥min(𝑡). Calculate the average value of 𝑥max(𝑡) and 𝑥max(𝑡), and construct a
new curve from this average value, denoted as 𝑚1(𝑡).

𝑚1(𝑡) =

𝑥max(𝑡) + 𝑥max(𝑡)

2

(1)

(2) Subtract the differential pressure signal from the curve 𝑚1(𝑡) constructed in the previous step; the
purpose of this operation is to remove the low-frequency data from the signal, and a new signal
sequence h1(𝑡) can be obtained accordingly.

h1(𝑡) = 𝑥(𝑡) − 𝑚1(𝑡) (2)

(3) Repeat the above process k times, with the condition that h1𝑘(𝑡) meets the IMF constraints serving as
the end criterion of the process. At this point, h1𝑘(𝑡) can be regarded as an IMF component. The data
sequence h𝑘(𝑡) that does not meet the constraint criteria will continue to be used as the signal to be
analyzed, and the above process will be repeated. The first IMF component 𝐼1(𝑡) obtained in this way
represents the data sequence with the highest frequency in the original differential pressure signal.
Among them, h1𝑘(𝑡) represents the data sequence obtained after the k-th screening, and h

1(𝑘−1)
(𝑡)

represents the information obtained after the final processing.

h𝑘(𝑡) = h
1(𝑘−1)

(𝑡) − 𝑚1(𝑡) (3)

𝐼1(𝑡) = h1𝑘(𝑡) (4)

The screening-based processing method can obtain Intrinsic Mode Functions (IMFs) according to
the different time scales of the signal, which facilitates signal analysis to achieve smooth amplitude and
eliminate harmonics. To prevent the loss of data sequences, the number of screening iterations is limited,
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and the value of the standard deviation (SD) is used as the constraint condition for screening. The processing
will terminate when the standard deviation reaches the set value; the SD used in this text is 0.1.

𝑆𝐷 =

𝑇

∑

𝑡=0
[

(h1(𝑘−1)(𝑡) − h1𝑘(𝑡))
2

h
1(𝑘−1)

(𝑡) ]

(5)

(4) Remove the first Intrinsic Mode Function (IMF) component 𝐼1(𝑡) from the original differential pressure
signal 𝑥(𝑡) to obtain a new signal 𝑟1(𝑡) to be decomposed. This new signal does not contain
high-frequency data; repeat the above steps to decompose and obtain the remaining IMF component
𝐼𝑛(𝑡). The decomposition is completed when the signal 𝑟𝑛(𝑡) is decomposed to the point where no
more components can be further decomposed. Among them, 𝑟𝑛(𝑡) represents the trend term, and the
differential pressure signal after EMD decomposition is as follows.

𝑥(𝑡) =

𝑛

∑

𝑖=1

𝐼𝑖(𝑡) + 𝑟𝑛(𝑡) (6)

The Empirical Mode Decomposition (EMD) algorithm itself has certain limitations, among which
mode mixing is a key issue. When the EMD algorithm is applied to decompose signals, the mode mixing
phenomenon can lead to two problems: oscillations with different time scales are incorrectly assigned to the
same mode, or oscillations with similar time scales are scattered across different modes. This issue may be
caused by abnormal phenomena such as random noise, interference, or signal interruptions in observations.
The occurrence of mode mixing is mainly due to the fact that the envelope mean screening method used in
the EMD process is affected by the distribution of local extreme points. The aforementioned uncontrollable
conditions cause the distribution of local extreme points to deviate from their correct positions. Therefore,
it is necessary to add Gaussian white noise to generate a new decomposition mode, which is called the
Complementary Ensemble Empirical Mode Decomposition (CEEMD) [17]. The CEEMD algorithmmakes full
use of the characteristics of the EMD quadratic filter and effectively solves the EMD mode mixing problem:
(1) During N decomposition experiments, the Gaussian white noise time series𝐺𝑛

(𝑡) is combined with the
original differential pressure signal 𝑥(𝑡) to obtain a set of new data sequences 𝑆𝑛

1
(𝑡) and 𝑆𝑛

2
(𝑡), namely:

[

𝑆
𝑛

1

𝑆
𝑛

2
]
=
[

1 1

1 −1]
∗
[

𝑥

𝐺𝑛
]

(7)

Among them, N represents the number of times the data sequence undergoes Empirical
Mode Decomposition.
(2) Decompose time series A and B using the EMD algorithm program.

𝑆
𝑛

1
(𝑡) =

𝑀

∑

𝑚=1

𝐼𝑀𝐹
𝑛

1𝑚
(𝑡) + 𝑟

𝑛

1
(𝑡) (8)

𝑆
𝑛

2
(𝑡) =

𝑀

∑

𝑚=1

𝐼𝑀𝐹
𝑛

2𝑚
(𝑡) + 𝑟

𝑛

2
(𝑡) (9)

Among them, M represents the total number of Intrinsic Mode Functions (IMFs) obtained after the
n-th Empirical Mode Decomposition;
(3) Repeat Steps 1 and 2 for N times. Each time the decomposition is performed, the randomly generated

Gaussian white noise will form a new data sequence together with the original data.
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(4) Utilizing the zero-mean statistical property of noise, calculate the averages of the Intrinsic Mode
Function (IMF) groups 𝐼𝑀𝐹

𝑛

1𝑚
(𝑡) and 𝐼𝑀𝐹

𝑛

2𝑚
(𝑡), as well as the residual groups 𝑟

𝑛

1𝑚
(𝑡) and 𝑟

𝑛

2𝑚
(𝑡),

obtained from the N -th decomposition respectively, and denote them as the IMF group 𝐼𝑀𝐹
𝑎𝑣𝑒

𝑚
and

the residual 𝑟(𝑡).

𝐼𝑀𝐹
𝑎𝑣𝑒

𝑚
(𝑡) =

1

𝑁

𝑁

∑

𝑛=1

[𝐼𝑀𝐹
𝑛

1𝑚
(𝑡) + 𝐼𝑀𝐹

𝑛

2𝑚
(𝑡)] (10)

𝑟(𝑡) =

1

𝑁

𝑁

∑

𝑛=1

[𝑟
𝑛

1𝑚
(𝑡) + 𝑟

𝑛

2𝑚
(𝑡)] (11)

After decomposition by the Complementary Ensemble Empirical Mode Decomposition (CEEMD), the
original differential pressure signal can also be expressed in the following form:

𝑥(𝑡) =

𝑀

∑

𝑚=1

𝐼𝑀𝐹
𝑎𝑣𝑒

𝑚
(𝑡) + 𝑟(𝑡) (12)

An analysis of the above decomposition steps reveals that the CEEMD decomposition results are
closely associated with two key factors: the number of ensembles (N ) of Gaussian white noise and the
amplitude (A) of the superimposed Gaussian white noise. The number of ensembles (N ) of Gaussian white
noise in the original signal shall satisfy the following formula:

𝜀 =

𝐴

√

𝑁

(13)

Among them, A is the standard deviation (SD), and the recommended value of N is 100. Studies have
shown that good results can be achieved when the amplitude of the added noise is a fraction of the standard
deviation of the original data; therefore, the amplitude of the added noise in this paper is set to 0.2.

Taking the high-frequency pressure signals of gas-liquid two-phase flow with a pipe diameter of 60 mm
and flow angles of 60◦ and 90◦ as examples, the differential pressure signals after CEEMD decomposition
are shown in Figs. 10–15.

Figure 10: Blocking flow during a 60◦ period with a 60 mm pipe diameter.
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Figure 11: Annular flow with a 60 mm pipe diameter of 60◦.

Figure 12: Critical liquid carrying flow rate at 60◦ for a 60 mm pipe diameter.

 

Figure 13: Slug flow at a 60 mm pipe diameter of 90◦.
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Figure 14: Annular flow with a 60 mm pipe diameter of 90◦.

 

Figure 15: Critical liquid carrying capacity at 90◦ for a 60 mm pipe diameter.

The obtained new data sequence is expressed in the following form:

𝑥𝑑(𝑡) = 𝑥(𝑡) −

𝑁

∑

𝑘=1

𝐼𝑀𝐹𝑘 (14)

To characterize the features of slug flow, annular flow, and critical liquid-carrying states, this study
combines statistical and fractal theories to extract flow pattern characteristic parameters. Specifically, the
original pressure fluctuation signal is decomposed using the Complementary Ensemble Empirical Mode
Decomposition (CEEMD) algorithm, and 4 Intrinsic Mode Function (IMF) components are screened out.
Then, their energy entropy, kurtosis coefficient, and variance are used as statistical parameters to realize
the objective identification of the critical liquid-carrying state in the transition region between slug flow
and annular flow (Figs. 16–18).
(1) Variance

𝑠1 =

1

𝑛 − 1

𝑛

∑

𝑖=1

(𝑥𝑖 − 𝑥)
2 (15)
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Variance [13] can reflect the concentration range of fluctuations in the differential pressure signal
under gas-liquid two-phase flow conditions. Different flow patterns exhibit varying degrees of fluctuation,
and their variances also differ accordingly. Through pressure signal analysis, the variance range of the
critical liquid-carrying state fluctuates between 0.64 and 0.86, the variance of the annular flow signal
fluctuates within the range of 0.38 to 0.46, and the variance range of the pressure signal in the slug flow
state fluctuates between 1.3 and 1.45.

Figure 16: Variance distribution of different IMF components under different flow states.

(2) IMF Energy Entropy

Perform CEEMD decomposition on the original signal, and calculate the energy 𝐸𝑘 of each IMF
component for k IMF components, the participating component 𝑆𝑛

1
(𝑡), and the residual component 𝑟(𝑡):

𝐸𝑘 =

𝑁

∑

𝑡=1

|𝑐𝑘(𝑡)|
2 (16)

The total energy 𝐸𝑡𝑜𝑡𝑎𝑙 is:

𝐸𝑡𝑜𝑡𝑎𝑙 =

𝑀

∑

𝑚=1

𝐸𝑚 (17)

where M = k + 1.
Calculate the proportion of each energy component to the total energy 𝑝𝑚:

𝑝𝑚 =

𝐸𝑚

𝐸𝑡𝑜𝑡𝑎𝑙

(18)

The energy entropy is:

𝐻𝑒 = −

𝑀

∑

𝑚=1

𝑝𝑚 ⋅ log
2
(𝑝𝑚) (19)

Verification through a large amount of experimental data shows that the critical liquid-carrying state
can be easily distinguished by selecting the energy of each IMF [18,19]. Partial data are shown in Table 1;
the energy of the critical liquid-carrying signal is much greater than that of other signals:
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Table 1: Energy entropy table of pressure signals for each layer after CEEMD decomposition.

C1 C2 C3 C4

Slug Flow 1 1.0676 0.7212 0.2697 0.1281

Slug Flow 2 1.2521 0.8266 0.31 0.1296

Annular flow 1 0.6335 0.3655 0.1467 0.0354

Annular flow 2 1.1349 0.6917 0.2948 0.1274

Critical state 1 1.2042 0.7586 0.3247 0.1628

Critical state 2 1.2523 0.8285 0.3101 0.1301

Figure 17: Distribution of energy entropy of different IMF components under different flow states.

(3) Kurtosis Coefficient

The kurtosis coefficient reflects the degree to which the distribution of a pressure fluctuation signal
approximates a normal distribution [20,21].

The calculation of the kurtosis coefficient is as follows:

Kur =
1

n ∑
n
i=1(x − 𝜇)

4

(
1

n ∑
n
i=1(x − 𝜇)

2

)

2
(20)

Figure 18: Kurtosis coefficients of different IMF components under different flow states.

It can be observed from the above figures that the kurtosis coefficient under the critical liquid loading
state is significantly higher than that under slug flow and annular flow. Therefore, the distribution
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characteristics of the kurtosis coefficient of pressure fluctuation signals vary greatly: the kurtosis coefficient
distribution range is 2.67–3.5 for slug flow, 2.73–3.35 for annular flow, and 3.13–4.68 for the critical
liquid-carrying state. This characteristic parameter can be used to distinguish the critical liquid loading
state of gas-liquid carrying.

In summary, the feature quantities and identification method adopted in this paper are reasonable
and effective. When the number of samples is sufficient, through the analysis of pressure fluctuation
signals, the use of appropriate feature quantities and identification methods can effectively achieve
objective identification of the critical liquid-carrying state, avoiding the subjective drawback of the visual
observation method.

5 Conclusion

This article proposes a quantitative discrimination criterion based on high-frequency pressure signal
analysis through in-depth research on the critical liquid loading state of gas-liquid entrainment, effectively
solving the problems of inconsistent quantitative standards and strong subjectivity in traditional methods.
The experimental results indicate that the critical liquid carrying state is located between slug flow
and annular flow, and exhibits specific pressure fluctuation characteristics. By using Empirical Mode
Decomposition (EMD) and Complementary Ensemble Empirical Mode Decomposition (CEEMD) methods to
process pressure signals, statistical measures such as variance, IMF energy entropy, and kurtosis coefficient
were extracted to characterize different flow patterns. These feature quantities show significant differences
between slug flow, annular flow, and the critical carrier state, which can effectively distinguish and identify
the critical liquid loading state. The main contribution of this article is to propose a quantitative judgment
method that can objectively identify the critical liquid carrying state. Although current research is limited
by the scale of experimental data, the accuracy and universality of this judgment method can be further
improved by incorporating more experimental data under different operating conditions in the future. This
method can be further combined with machine learning, based on large-scale datasets and integrating
high-frequency signal reception technology, to develop into a stable intelligent recognition system for
critical liquid carrying states. This study provides important theoretical basis and experimental evidence
for establishing a more accurate critical fluid carrying model, which is of great significance for guiding the
judgment of gas well fluid accumulation and optimizing oil and gas production.
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