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Abstract:
Accurate flash evaporation flow pattern recognition is critical for optimizing industrial
processes in geothermal energy and chemical engineering. This study integrates signal
processing with machine learning to advance this task. First, complementary ensemble
empirical mode decomposition (CEEMD) was applied to extract intrinsic mode function
(IMF) energy spectra from differential pressure signals, capturing dynamic phase-change
features. Subsequent analysis revealed sample type and size significantly impact model
performance: Multi-parameter datasets (combining inlet temperature, flow velocity, and
IMF energy) yielded optimal training, while increased sample volume improved accuracy
across all models. Three machine learning models, support vector machine (SVM), least
squares SVM (LSSVM), and particle swarm-optimized LSSVM (PSO-LSSVM), were
compared. SVM showed high sensitivity to sample quality; LSSVM enhanced stability
but remained limited. PSO-LSSVM, however, outperformed both by leveraging PSO to
optimize hyperparameters, achieving 97% test accuracy with robust generalization. It
effectively distinguished flow patterns (single-phase, bubble, slug-churn, annular) using
multi-feature inputs, even for complex regimes. This work provides a reliable technical
framework for real-time flash evaporation monitoring and severity assessment in production
wells, bridging lab insights with industrial application.

1. Introduction
Enhanced Geothermal Systems (EGS) (Dong et al., 2025;

Liu et al., 2025) have emerged as a critical renewable energy
technology to address global energy transition demands, as
they enable the extraction of thermal energy from deep sub-
surface formations for power generation and heating applica-
tions. A key challenge in EGS operation lies in the dynamic
behavior of working fluids within production wells: High-
temperature, high-pressure geothermal fluids often undergo
rapid flash evaporation (flash boiling) (Wang et al., 2021;
Singh et al., 2024) in the near-wellbore section due to sudden
pressure drops as fluids flow from the high-pressure reservoir

to the wellbore (Wang, 2023). These flow patterns are not
merely structural manifestations of two-phase flow but direct
indicators of the intensity and stability of the flash evaporation
process-making their accurate recognition pivotal to EGS oper-
ational safety and efficiency (Liu et al., 2025). The stability of
vapor-liquid two-phase flow patterns in geothermal production
wells exerts a profound impact on both geothermal extraction
efficiency and the long-term integrity of the production system
(Singh et al., 2025). For instance, unsteady flow patterns (such
as slug flow or churn flow (Elgaddafi et al., 2025)) can induce
periodic pressure oscillations within the wellbore (Marcel et
al., 2010), leading to increased mechanical stress on well
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casing and downhole equipment, accelerated corrosion, and
even catastrophic failures such as pipe rupture. Additionally,
irregular flow patterns disrupt the uniform distribution of ther-
mal energy in the fluid, reducing the heat exchange efficiency
in surface power cycles and thus lowering the overall energy
output of the EGS. Conversely, stable flow patterns (e.g.,
annular flow under controlled conditions) facilitate consistent
fluid transport and heat transfer, optimizing the energy con-
version process. Given these consequences, investigating the
recognition and classification of vapor-liquid two-phase flow
patterns induced by forced circulation flash evaporation is not
only a matter of academic interest but also a practical necessity
for ensuring the reliability, safety, and economic viability of
geothermal production systems.

For decades, the study of vapor-liquid two-phase flow
patterns has relied on two primary methodological frame-
works: traditional experimental observation and numerical
simulation (Ma et al., 2025). However, both approaches exhibit
significant limitations when applied to the complex, extreme
conditions of geothermal production wells, particularly in
the context of flash evaporation-induced flow patterns. Tradi-
tional experimental methods for flow pattern recognition can
be broadly categorized into direct observation and indirect
measurement techniques, with direct observation being the
earliest and most intuitive approach. Direct observation meth-
ods typically involve visual inspection or high-speed camera
imaging (Tong and Zhu, 2025), which capture flow patterns
by leveraging transparent test sections in laboratory setups.
While these methods offer high spatial and temporal resolution
for flow pattern visualization under controlled conditions,
their applicability to geothermal production wells is severely
constrained. First, geothermal wellbores are constructed from
non-transparent, high-strength metallic materials to withstand
high temperatures and pressures, eliminating the possibility of
direct visual access to internal flow. Second, the high flow ve-
locities and violent flash evaporation processes in geothermal
wells result in highly dynamic, transient flow patterns that
exceed the temporal resolution limits of conventional high-
speed cameras, which are typically optimized for steady or
slowly varying flow in laboratory environments. Third, the
extreme downhole conditions (high temperature, high pressure,
and corrosive fluids) pose significant challenges to the durabil-
ity and reliability of observation equipment; even specialized
high-temperature cameras would degrade rapidly under such
conditions, leading to inconsistent or invalid data. These
limitations render direct observation methods impractical for
real-world geothermal well applications, restricting their utility
to laboratory-scale validation rather than in-situ monitoring.

Numerical simulation methods, particularly computational
fluid dynamics (CFD) models, have emerged as an alternative
to experimental observation, aiming to replicate two-phase
flow behavior through mathematical modeling of fluid dy-
namics, heat transfer, and phase transition. Common CFD
approaches for two-phase flow include the volume of fluid
(VOF) method (Yuan et al., 2025), Eulerian-Eulerian two-fluid
model (Yan et al., 2025), and Lagrangian particle tracking
model (Caraghiaur and Anglart, 2013), which differ in their
treatment of phase interfaces and computational complexity.

While these models have demonstrated success in simulating
steady-state two-phase flow patterns (e.g., bubbly flow in
low-pressure pipelines) under laboratory conditions, they face
substantial challenges when applied to flash evaporation in
geothermal production wells. First, flash evaporation is a
highly transient, thermodynamically non-equilibrium process,
where the rapid pressure drop causes instantaneous phase
change-requiring precise modeling of heat and mass transfer
across phase interfaces. Most existing CFD models simplify
phase transition kinetics by assuming local thermodynamic
equilibrium, which fails to capture the rapidity and non-
uniformity of flash evaporation in geothermal wells, leading to
inaccurate predictions of flow pattern formation and evolution.
Second, the computational cost of high-fidelity two-phase flow
simulations is prohibitive for large-scale geothermal wellbore
models. Third, CFD models rely heavily on empirical clo-
sure relations (e.g., drag coefficients, interfacial heat transfer
correlations) calibrated from laboratory experiments, which
are often derived under conditions (e.g., low temperature,
low pressure, air-water systems) that differ drastically from
the high-temperature, high-pressure geothermal fluid systems
(e.g., water-steam or brine-steam mixtures). This mismatch
in operating conditions leads to significant uncertainties in
model predictions, reducing the reliability of CFD-based flow
pattern recognition for geothermal wells. In summary, tra-
ditional experimental methods suffer from inherent limita-
tions in adapting to the non-transparent, extreme conditions
of geothermal production wells, while numerical simulation
methods are constrained by computational cost, simplifying
assumptions, and the lack of validated closure relations for
flash evaporation processes. These gaps highlight the need
for alternative, more robust methods that can overcome the
limitations of traditional approaches and provide accurate, in-
situ flow pattern recognition for geothermal production wells.

In response to the limitations of traditional experimental
and numerical methods, indirect measurement technique, par-
ticularly those based on differential pressure fluctuation signals
have emerged as a promising alternative for two-phase flow
pattern recognition (Zaborowska et al., 2020; Camargo and
Paladino, 2025). Differential pressure signal-based methods
leverage the principle that different flow patterns generate
distinct pressure fluctuation characteristic. By installing pres-
sure sensors at two points along the flow path to capture
these fluctuation signals, researchers can extract flow pattern-
specific features and establish correlations between signal
characteristics and flow patterns-offering a practical, cost-
effective, and non-intrusive solution for in-situ monitoring, es-
pecially in non-transparent pipelines like geothermal wellbores
(Liu et al., 2025). Over the past few decades, this approach
has undergone significant advancements, driven by progress
in signal processing techniques and the integration of ma-
chine learning, while also facing persistent challenges related
to adaptability, robustness, and applicability to geothermal-
specific conditions. These advancements have transformed
differential pressure signal-based methods from manual, semi-
quantitative techniques to intelligent, data-driven tools, with
clear trends toward multi-feature fusion, deep learning for
automatic feature extraction, and adaptability to complex
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phase transition processes like flash evaporation. Despite these
advancements, several critical challenges remain, particularly
in adapting these methods to the specific conditions of geother-
mal production wells. First, most existing studies are con-
ducted under laboratory conditions with simplified working
fluids, which differ drastically from the high-temperature,
high-pressure, and high-salinity geothermal fluidsin production
wells. This mismatch leads to poor generalization of trained
models, as features extracted from laboratory signals may not
be representative of flash-induced flow patterns in geothermal
wells. Second, existing methods primarily target steady-state
boiling processes, while flash evaporation in geothermal wells
is a highly transient, non-equilibrium process-current signal
processing and machine learning models struggle to capture
the rapid, dynamic changes in pressure signals associated with
transient flash events, leading to delayed or inaccurate flow
pattern classification. Third, multi-feature fusion approaches
often lack a systematic framework for weight assignment, with
auxiliary parameters arbitrarily combined with differential
pressure signals-resulting in redundant features or information
loss that degrades model performance. Fourth, the robustness
of machine learning models to downhole disturbances is insuf-
ficient; most models are trained on clean, controlled laboratory
data and fail to maintain accuracy under the noisy, variable
conditions of geothermal wells.

Addressing these challenges is essential for advancing
differential pressure signal-based methods from laboratory
research to practical geothermal well applications. This study
advances intelligent flash evaporation flow pattern recognition
by bridging experimental insights with machine learning. We
developed a forced-circulation visual platform to generate
differential pressure signals under controlled flash conditions,
then applied CEEMD to extract IMF energy spectra, resolving
phase-dynamics coupling in two-phase flow. Through system-
atic sample design and model comparison (SVM, LSSVM,
PSO-LSSVM), we demonstrated PSO-LSSVM’s superiority
(Gorjaei et al., 2015), outperforming others by mitigating
overfitting and enhancing generalization. Key contributions
include: Validating CEEMD for feature extraction, defining
optimal multi-parameter datasets, and proving PSO-LSSVM’s
robustness for flow pattern distinction. These outcomes lay
groundwork for addressing future challenges, field-condition
adaptation, transient signal processing, and multimodal fusion,
ultimately positioning pressure-signal-based methods as reli-
able tools for geothermal well monitoring.

2. PSO-LSSVM framework with CEEMD
algorithm

To realize rapid and accurate prediction of in-pipe flow
pattern transitions, a particle swarm optimization-least squares
support vector machine (PSO-LSSVM) framework integrated
with complementary ensemble empirical mode decomposition
(CEEMD) for feature engineering is developed. The technical
process is articulated as follows.

2.1 Flow pattern feature database construction
Differential pressure fluctuation signals from wellbore flash

evaporation-induced flow patterns are inherently nonlinear and
non-stationary, posing challenges for traditional processing
techniques: Fourier Transform fails due to its stationarity
assumption, while Wavelet Decomposition suffers from sub-
jective basis function selection, both unable to extract valid
flow pattern features. To address this, Huang et al. (1998)
proposed EMD, a data-driven, adaptive method that decom-
poses signals into IMFs (capturing distinct time-frequency
oscillatory modes) and a residual, preserving fine-grained
details critical for flash flow pattern recognition. However,
EMD suffers from “mode mixing” (single IMF contains mul-
tiple modes) when processing flash signals: Sudden pressure
spikes (e.g., slug passage) and sensor noise disrupt its sifting
process, corrupting IMF features and leading to flow pattern
misclassification. Wu and Huang (2009) developed EEMD to
mitigate mode mixing by adding small-amplitude white noise
before EMD, smoothing signal discontinuities. Yet EEMD has
drawbacks for flash data: Hundreds of iterations drastically
increase computation (incompatible with real-time wellbore
monitoring) and residual white noise remains in low-signal-
to-noise flash signals, distorting features.

CEEMD resolves EEMD’s limitations by adding pairs of
positive/negative white noise. This complementary strategy
cancels noise without massive iterations, reducing computation
and eliminating residual noise-perfectly adapting to wellbore
flash signals’ demands for real-time processing and high-
fidelity feature extraction. The detailed process of CEEMD
can be described as follows.

Step 1: Adding the white noise data series ni(t) into the
original data x(t), to construct the new signal si(t) (or wi(t)):

si(t) = x(t)+ni(t) (1)
wi(t) = x(t)−ni(t) (2)

Step 2: Using the EMD approach to decompose si(t), wi(t),
resulting K IMF indexes:

si(t) =
k

∑
j=1

IMF+
j,i(t) (3)

wi(t) =
k

∑
j=1

IMF−
j,i(t) (4)

If EMD is not converged, continue adding a different
white noise into the original signal x(t) and repeat Step 2
with i = i+1, until the decomposing is ended when EMD is
converged.

Step 4: Calculate the averaged IMF value after n EMD
decompostion:

IMF j =
1

2n

n

∑
i=1

(
IMF1

j,i + IMF2
j,i
)

(5)

Modal decomposition of differential pressure fluctuation
signals for each flow pattern using CEEMD allows for the
acquisition of decomposition plots corresponding to each
IMF component of each flow pattern. However, the IMF
components obtained directly at this stage cannot be directly
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employed as feature quantities for flow pattern recognition.
To further extract valid features, it is essential to calculate the
energy of each IMF component. The energy features of IMF
components exhibit high sensitivity to subtle changes in sig-
nals, enabling the capture of fine differences between distinct
flow patterns. Meanwhile, these energy features demonstrate
strong robustness against signal noise interference and end
effects, which reduces the impact of such interferences to a
certain extent. Specifically, the energy of an IMF component
can be computed as the sum of the squares of the amplitudes
of all sampling points within that particular IMF component:

Ei =
N

∑
k=1

x2
k (6)

2.2 LSSVM Framework
Support vector machines (SVM) are a class of machine

learning algorithms centered on the principle of maximiz-
ing the classification margin, excelling in handling high-
dimensional data and nonlinear relationships. Its foundational
formulation, known as hard margin SVM, assumes data is
linearly separable and aims to find an optimal hyperplane that
separates different classes with the largest possible distance.
The key to this hyperplane lies in “support vectors” — the data
points closest to the hyperplane-since they alone determine
the hyperplane’s position and margin width. However, hard
margin SVM fails in real-world scenarios where data often
contains noise or outliers, as it cannot tolerate any misclassi-
fication. To address this, soft margin SVM was developed: It
introduces slack variables to allow minor deviations of data
points from the ideal separation and incorporates a penalty
parameter to balance margin maximization and misclassifi-
cation minimization, enhancing robustness against noise. For
cases where data is nonlinearly separable even with slack
variables, nonlinear SVM provides a solution. Its core insight
is mapping low-dimensional, nonlinearly separable data into a
higher-dimensional feature space where linear separation be-
comes feasible. This mapping is achieved implicitly via kernel
functions, which compute the similarity between data points
in the high-dimensional space without explicit transformation-
avoiding excessive computational complexity. Common kernel
functions (e.g., Gaussian radial basis function) effectively cap-
ture complex nonlinear patterns, enabling SVM to generalize
well to diverse tasks, such as identifying flow regimes in
geothermal wells using differential pressure signals. Overall,
SVM evolves from hard margin (linear separability) to soft
margin (noise tolerance) and nonlinear variants (complex pat-
tern handling), forming a flexible framework for classification.

Least squares support vector machines (LSSVM) are an
optimized extension of traditional SVM, designed to simplify
computational complexity while retaining SVM’s strengths
in nonlinear and high-dimensional data processing. The core
innovation of LSSVM lies in reformulating the optimization
problem of traditional SVM. In traditional soft margin SVM,
the optimization involves solving a quadratic programming
problem with inequality constraints, which is computationally
intensive, especially for large datasets. LSSVM addresses this

by replacing the inequality constraints with equality con-
straints and modifying the loss function: Instead of using
the hinge loss (which measures misclassification errors via
slack variables), it adopts a least squares loss function that
squares the error terms. This transformation converts the
complex quadratic programming problem into a system of
linear equations, significantly reducing computational burden
and accelerating model training. LSSVM also streamlines
parameter solution by leveraging the Karush-Kuhn-Tucker
(KKT) conditions. Unlike traditional SVM, which requires
solving for Lagrange multipliers under strict inequality con-
straints, LSSVM derives a set of linear equations that can
be solved directly-improving numerical stability and further
simplifying computation. Crucially, LSSVM retains the kernel
function mechanism of traditional SVM, ensuring it still
effectively models nonlinear relationships between features
(e.g., linking IMF energy features of differential pressure
signals to flash flow patterns). By balancing performance and
efficiency, LSSVM overcomes the computational limitations
of traditional SVM, making it more suitable for real-time
applications like in-situ flow regime recognition in geothermal
production wells.

The regression of LSSVM can be modeled as the following
optimization problem with the loss function ξ :

min
ω,b,ξi

1
2
∥ω∥2 +

C
2

n

∑
i=1

ξ
2
i

s.t. yi · (ω ·φ(xi)+b) = 1−ξi, ξi ≥ 0, i = 1,2, · · · ,n
(7)

Integrating the Lagrange operator αi to construct the un-
constrained functions:

L(ω,b,ξ ,α) =
1
2
∥ω∥2 +

1
2

n

∑
i=1

ξ
2
i −

n

∑
i=1

αi{yi[ω
T

φ(x)+b]−1+ξi}
(8)

Considering the KKT condition, calculating the partial
differential to ω , b, ξi, αi and let the differential to be 0:

∂L(ω,b,ξ ,αi)

∂ω
= 0 ⇒ ω =

n

∑
i=1

aiφ(xi)

∂L(ω,b,ξ ,αi)

∂b
= 0 ⇒

n

∑
i=1

ai = 0

∂L(ω,b,ξ ,αi)

∂ξ
= 0 ⇒ ai =Cξi

∂L(ω,b,ξ ,αi)

∂αi
= 0 ⇒ ω

T
φ(x)+b+ξi − yi = 0

(9)

where i = 1,2, · · · ,n. Eliminate the corresponding parameters
ω and ξi, the following matrix function can be written as:0 yT

y ZZT +C−1I

b

α

=

0

1

 (10)

where y = [y1,y2, · · · ,yn], 1N = [1,1, · · · ,1]T , Z = [φ(x1),
φ(x2), · · · ,φ(xn)]

T , α = [α1,α2, · · · ,αn]
T , I is a n×n matrix.

As a result, the LSSVM decision function can be formu-
lated as:
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Fig. 1. Flow chart of vapour-liquid two-phase flow pattern recognition based on PSO-LSSVM using CEEMD algorithm.

f (x) = sign

[
n

∑
i=1

aiyi exp
(
−
∥xi − x j∥2

σ2

)
+b

]
(10)

2.3 PSO-based optimization of LSSVM
hyperparameters

The LSSVM framework addresses two key challenges
in classification tasks: Noise interference and nonlinear data
relationships, by introducing a regularization parameter C
and a Radial Basis Function (RBF) kernel parameter σ .
Specifically, C controls the trade-off between maximizing the
classification margin and minimizing noise-induced misclas-
sifications, while the RBF kernel maps nonlinear data into
a high-dimensional space where linear separation becomes
feasible. However, the performance of the LSSVM model
depends heavily on the specific values of C and σ . Tra-
ditional parameter tuning methods rely on manual, step-by-
step adjustment and verification, which are not only time-
consuming but also prone to missing the global optimal
parameter combination, especially when dealing with complex
data. To overcome this limitation and further enhance the
model’s prediction efficiency and accuracy, the Particle Swarm
Optimization (PSO) algorithm is integrated with LSSVM to
form the PSO-LSSVM hybrid method, leveraging the swarm
intelligence of PSO to achieve adaptive and efficient opti-
mization of LSSVM’s key parameters. The inspiration for
the PSO algorithm, the core of the hybrid method, originates
from the collective collaborative behavior of animals during
foraging. In the PSO framework, this biological behavior is
abstracted into a computational model: The “particle swarm”
consists of multiple individual “particles”, each representing

a candidate solution to the parameter optimization problem.
Each particle has two key attributes: “Position” (corresponding
to the parameter combination it represents) and “velocity”
(determining the direction and step size of its movement in
the parameter space). The core logic of PSO lies in the collab-
orative learning of particles: Instead of searching for optimal
parameters independently, each particle updates its position
and velocity by referencing two critical pieces of information:
The “historical best position” (pbest) and the “global best
position” (gbest). This collective learning mechanism ensures
that the swarm converges toward the global optimal solution
efficiently, avoiding the local optima that often plague manual
tuning or single-agent search methods. By integrating PSO
with LSSVM, the hybrid method not only retains LSSVM’s
strengths in handling high-dimensional and nonlinear data
but also solves its parameter tuning bottleneck, significantly
improving the model’s robustness and classification accuracy.
The parameter optimization process of PSO-LSSVM follows
a systematic, iterative workflow, designed to efficiently narrow
down the optimal C and σ combination. The updating of
particle velocity and location can be formulated as follows:

vid = ωvid + c1r1(pbestid − xid)+ c2r2(gbestid − xid) (11)
xid = xid + vid (12)

In summary, the flow chart of vapour-liquid two-phase
flow pattern recognition based on PSO-LSSVM using CEEMD
algorithm is presented in Fig. 1:

3. Intelligent flow pattern recognition using
CEEMD and PSO-LSSVM
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Fig. 2. Experimental system diagram.

3.1 Experiment and signal collection
To achieve controlled flow and flash evaporation of high-

temperature, high-pressure fluid within the visual experimental
pipeline, the entire experimental apparatus incorporates aux-
iliary systems including a fluid dynamic control system, a
fluid temperature control system, and a dynamic data detec-
tion and acquisition system, collectively constituting a forced
circulation visual flash evaporation experimental platform (as
illustrated in Fig. 2). Initially, the working fluid undergoes
preheating in a heating tank. Subsequently, driven by a circu-
lation pump, the preheated fluid circulates within the system.
The flow rate is precisely regulated by adjusting the opening
of a proportional valve and measured accurately using an
electromagnetic flowmeter. To ensure the fluid reaches the
temperature required for flash evaporation, an electric heating
tube performs secondary heating on the circulating fluid. Post-
secondary heating, the fluid enters the visual pipeline. As the
pipeline elevation increases, decreasing pressure induces flash
evaporation phase change of the high-temperature fluid inside.
During this phase, a data logger captures electrical signals
from the electromagnetic flowmeter, pressure transducers, and
thermocouples to obtain critical parameters including flow
velocity, pressure, and temperature of the fluid within the
pipeline. Finally, the two-phase fluid (gas-liquid coexistence)
exits through the top outlet of the visual pipeline, flows
back along the return pipe, and returns to the heating tank,
completing a closed circulation loop.

To investigate the correlation between differential pres-
sure and flash evaporation intensity, this study synchronously
collects transient pressure data at upstream and downstream

positions using pressure transducers for different flow patterns.
By calculating the pressure difference between these positions,
differential pressure fluctuation signals are derived, enabling
analysis of their relationship with flow patterns. To expand the
experimental operating range, four flow velocities (0.3 m/s, 0.4
m/s, 0.5 m/s, and 0.6 m/s, noted as condition 1, 2, 3, and 4) are
achieved by adjusting the secondary heating power, generating
various flash evaporation flow patterns under each condition.
Differential pressure fluctuation signals for each pattern at
different velocities are measured, with a sampling frequency
of 150 Hz and duration of 30 s maintained to preserve the
intact characteristics of the original flow pattern signals. The
results are shown in Figs. 3 and 4.

In the flash evaporation experiments of geothermal produc-
tion wells’ near-surface regions, differential pressure fluctua-
tion signals exhibit distinct characteristics under varying flow
velocities across different flow patterns (bubble flow, slug flow,
churn flow, and annular flow), reflecting the coupling between
flash evaporation phase change intensity and two-phase flow
dynamics. At a low velocity of 0.3 m/s, initial bubble flow,
characterized by randomly distributed small bubbles under-
going frequent breakup, generates high-frequency pressure
perturbations with a differential pressure range of 8-9.5 kPa,
a peak amplitude of ∼ 2 kPa, and the highest oscillation
frequency. As flow velocity increases to 0.6 m/s, enhanced
fluid kinetic energy and increased bubble quantity/volume
expand the differential pressure range to 9-11 kPa (while
maintaining a ∼ 2 kPa peak), preserving the high-frequency
trait. Compared to bubble flow, slug flow, which is formed by
coalescing bubbles into large “bullet-shaped” or elliptical bub-
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(a) Bubbly flow (b) Slug flow

(c) Churn flow (d) Annular flow

Fig. 3. Observed results of differential pressure fluctuations.

(a) Bubbly flow (b) Slug flow

(c) Churn flow (d) Annular flow

Fig. 4. Differential pressure fluctuation signal curve.

bles, exhibits significantly higher amplitude (peak increased
to 3 kPa at 0.3 m/s) due to violent pressure oscillations from
bubble expansion, though its lower oscillation frequency and
intermittent evolution with adjacent bubble/churn flows reduce
signal discriminability.

As flow transitions to churn flow, intensified turbulence
from unstable liquid films causes chaotic gas-phase distri-
bution, reducing the differential pressure range to 6-8 kPa
at 0.3 m/s with a 3.5 kPa peak despite lower gravity head
from increased vapor content; its disordered perturbations
yield complex time-frequency structures. Finally, annular flow,
which is dominated by vapor/entrained droplets in the pipe
center and a stable wall liquid film that exhibits periodic
pressure fluctuations from film rupture, narrowing the range
to 2-6 kPa (at 0.3 m/s). However, it amplifies the peak
to 4 kPa, with the lowest oscillation frequency. Cross-over
phenomena further reveal limitations of absolute pressure

value, for example, single-phase flow (0.3 m/s, 9.5-10 kPa)
overlaps with bubble flow (0.4 m/s, 8.5-10 kPa), and slug
(0.6 m/s, 9-11 kPa) partially overlaps with churn flow (6-10
kPa). Thus, accurate flash evaporation characterization requires
integrating multidimensional features: Amplitude, frequency,
and signal morphology, which collectively distinguish flow
patterns through combined criteria rather than isolated pressure
magnitudes.

3.2 Signal data processing
For the differential pressure fluctuation signal of bubble

flow under an inlet velocity of 0.4 m/s and secondary heating
power of 4 kW, both EMD and CEEMD methods were applied
for decomposition, with results compared in Fig. 5. Visual
inspection of the intrinsic mode functions (IMFs) from each
decomposition reveals that CEEMD-derived IMFs display
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(a) EMD (b) CEEMD

Fig. 5. Comparison of EMD and CEEMD decomposition effects.

lower vibration amplitudes and frequencies compared to EMD
outputs. This indicates CEEMD more effectively suppresses
mode mixing, preventing distortions from abnormally high
IMF amplitudes and frequencies caused by mode aliasing.
Further examination of residual terms shows EMD leaves
periodic fluctuations in its residual, while CEEMD produces
a residual devoid of such periodicity. This suggests EMD’s
decomposition remains incomplete, which may be caused by
the mode mixing or endpoint effects, causing low-frequency
periodic components in the residual and causing information
loss. CEEMD avoids this issue, ensuring thorough signal
decomposition. To reliably decompose differential pressure
signals across various flow patterns and reduce environmental
noise interference, CEEMD is selected for this study, mitigat-
ing mode mixing risks and enhancing decomposition accuracy.

To preserve the integrity of sampled digital signals, the
sampling frequency was set following the Nyquist-Shannon
sampling theorem, which mandates at least twice the highest
signal frequency. A sampling frequency of 150 Hz with 30-
second duration was chosen to capture complete signal fea-
tures. Experiments adjusted secondary heating power to main-
tain inlet temperatures between 95 and 115 °C at the visual
pipe entrance, while flow control valves regulated liquid-phase
velocity to 0.2-0.5 m/s. Flow patterns were observed along
the vertical pipe, with differential pressure signals recorded
between 2 m and 3 m above the pipe base for each pattern.
CEEMD was used to extract IMF energy spectra from these
signals as recognition features. Previous observations showed
slug flow failed to stabilize as dominant within 30 seconds,
intermittently transitioning with churn flow and causing signif-
icant time-frequency feature overlap. To address this, slug and
churn flows were merged into a composite category, finalizing
four patterns: Single-phase, bubble, slug-churn, and annular.
CEEMD decomposition was then applied to each pattern’s
differential pressure signals, with results shown in Fig. 6.

3.3 Intelligent pattern recognition
In machine learning-based flow pattern recognition studies,

recognition accuracy depends not only on sample quality
but also on sample quantity. To effectively classify flash
evaporation flow patterns, this section constructs a flow pattern
sample library. The library includes input parameters (feature
vectors of each flow pattern) and output variables (single-phase
flow, bubble flow, slug-churn composite flow, and annular flow
encoded as 0, 1, 2, and 3, respectively). For model training
and evaluation, 80% of the data in each validation database is
randomly assigned as the training set, with the remaining 20%
serving as the test set. Given varying dimensions and value
ranges of features, normalization is critical to prevent domi-
nance by large-value features and ensure balanced influence
of all features. Min-max normalization is applied to process
features:

X ′ =
X −max{X}

max{X}−min{X}
(13)

To investigate how sample size affects recognition perfor-
mance, three models-SVM, LSSVM, and PSO-LSSVM are
trained on databases with 100, 200, 300, and 400 samples
per class, and the classification results across these sample
sizes are shown in Figs. 7, 8 and 9 for the three methods.
The y-axis labels 0-3 represent single-phase, bubble, slug-
churn composite, and annular flows, while the x-axis shows
sample count. Observations indicate SVM initially misclas-
sifies primarily single-phase and bubble flows with small
samples. As sample size increases, misclassification of these
two patterns decreases, but errors rise for slug-churn composite
and annular flows. Overall accuracy still improves, suggesting
larger samples enhance generalization by better capturing
feature differences. However, SVM’s limitations in handling
multi-dimensional features become apparent with more data,
particularly reducing its ability to recognize slug-churn com-
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(a) Single-phase flow (b) Bubble flow

(c) Slug-churn flow (d) Annular flow

Fig. 6. CEEMD decomposition diagram of pressure difference fluctuation signals for various flow patterns.

posite and annular flows, leading to higher misclassification
rates for these types. Meanwhile, as sample size increased,
LSSVM’s recognition accuracy improved notably. At 400
samples per class, LSSVM achieved a high accuracy of 95.5%.
This gain stems from LSSVM’s mechanism: By introducing
error squared terms and equality constraints, it transforms
SVM’s quadratic programming problem into solving linear
equations, streamlining computation while retaining strong
generalization. For flow pattern recognition—particularly with
large datasets-this simplification not only maintains accuracy
but also boosts efficiency, making LSSVM more practical than
SVM for handling growing experimental data.

Further optimization with particle swarm optimization
elevated LSSVM’s performance by roughly 5% across all
training sets. PSO enhances LSSVM by globally searching
for optimal hyperparameters that minimize classification er-
rors. Unlike grid search or random search, PSO’s population-
based iterative approach efficiently navigates parameter space,
avoiding local optima and fine-tuning LSSVM’s decision

boundaries to better capture subtle feature differences between
flow patterns. This is critical for flash evaporation scenarios,
where flow patterns often exhibit overlapping characteristics
in high-dimensional feature spaces. The suitability of PSO-
LSSVM for phase change-related flow pattern recognition lies
in its dual strengths: first, LSSVM’s linear-solving efficiency
handles the computational load of multi-feature, large-sample
data typical in phase change experiments; second, PSO’s opti-
mization refines the model’s ability to distinguish nonlinear
relationships, which is the key for identifying transient or
subtly evolving flow patterns during flash evaporation. Where
traditional models struggle with parameter sensitivity or local
optima, PSO-LSSVM’s adaptive parameter tuning ensures
robust performance, making it uniquely equipped to model the
complex interplay of heat transfer, fluid dynamics, and phase
change dynamics that define these flow patterns.

Fig. 10 presents the fitness curve of the PSO-LSSVM
model during flow pattern recognition classification. The parti-
cle swarm optimization algorithm, guided by fitness feedback,
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(a) 100 data (b) 200 data

(c) 300 data (d) 400 data

Fig. 7. Comparison of SVM recognition and classification results.

(a) 100 data (b) 200 data

(c) 300 data (d) 400 data

Fig. 8. Comparison of LSSVM recognition and classification results.
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(a) 100 data (b) 200 data

(c) 300 data (d) 400 data

Fig. 9. Comparison of LSSVM recognition and classification results.

iteratively searches for the optimal hyperparameters of the
LSSVM model. As shown in the figure, the fitness value
drops markedly in the initial iterations. However, between
the 7 and 28th iterations, the algorithm stagnates in a local
optimum, with the fitness value remaining flat twice. By the
29th iteration, it escapes this local trap and converges to a
global or near-global optimal solution, after which the fitness
stabilizes without further reduction. Throughout this process,
PSO dynamically adjusts LSSVM’s regularization parameter
C and radial basis function (RBF) kernel width parameter,
ultimately identifying optimal or near-optimal combinations
in the parameter space. This refinement directly enhances the
model’s performance by fine-tuning its decision boundaries
to better capture the complex feature relationships underlying
flow pattern classification.

To evaluate the performance of the PSO-LSSVM model
in intelligent flash evaporation flow pattern recognition based
on differential pressure, training set-test set comparison plots
and confusion matrix analysis, as shown in Fig. 11, reveal
strong validation results. The model achieves 98.5% accuracy
on the training set and 97% on the test set, demonstrating
robust generalization capability with no signs of overfitting.
This provides a reliable machine learning solution for real-
time monitoring and production optimization in flash evap-
oration processes across chemical and energy industries. By
enabling precise flow pattern recognition, it assists engineers
in adjusting operational parameters promptly to safeguard

equipment efficiency and safety, while also offering novel
technical insights for optimizing industrial flow pattern recog-
nition models.

Fig. 10. Fitness Curve of PSO-LSSVM Model for Flow Pattern
Recognition and Classification.

Analysis of the test set confusion matrix, paired with
flow pattern encoding, shows distinct recognition performance
across categories. Patterns 0 and 1 are classified with 100%
accuracy, reflecting their stable differential pressure signal fea-
tures and high distinguishability. The model reliably identifies
these “mild flow patterns”, providing accurate status assess-
ments for stable production phases. For patterns 2 (90.5%
accuracy) and 3 (95.8% accuracy), while minor misclassi-
fications occur, overall performance remains strong. These
more vigorous flow patterns, which characterized by complex
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phase interfaces and variable flow structures, exhibit higher
feature similarity in differential pressure signals, occasionally
confusing the model. Nevertheless, their high recognition rates
still effectively warn of “vigorous flow pattern” emergence,
allowing timely engineer intervention to prevent equipment
wear and productivity losses. This underscores the model’s
practical utility in differentiating flow patterns of varying
intensity.

Analysis of the test set confusion matrix, paired with
flow pattern encoding, shows distinct recognition performance
across categories. Patterns 0 and 1 are classified with 100%
accuracy, reflecting their stable differential pressure signal fea-
tures and high distinguishability. The model reliably identifies
these “mild flow patterns,” providing accurate status assess-
ments for stable production phases. For patterns 2 (90.5%
accuracy) and 3 (95.8% accuracy), while minor misclassi-
fications occur, overall performance remains strong. These
more vigorous flow patterns, which characterized by complex
phase interfaces and variable flow structures, exhibit higher
feature similarity in differential pressure signals, occasionally
confusing the model. Nevertheless, their high recognition rates
still effectively warn of “vigorous flow pattern” emergence,
allowing timely engineer intervention to prevent equipment
wear and productivity losses. This underscores the model’s
practical utility in differentiating flow patterns of varying
intensity.

4. Concluding discussion and remarks
This study advances flash evaporation flow pattern recog-

nition in geothermal production wells by integrating exper-
imental signal processing with targeted machine learning.
We first established CEEMD as a reliable tool for extract-
ing IMF energy spectra from differential pressure signals,
which is critical for resolving the dynamics of phase change
and two-phase flow. Subsequent investigations into sample
design revealed that a dataset combining inlet temperature,
flow velocity, and IMF energy features forms an optimal
basis for model training, while PSO-LSSVM outperformed
SVM and LSSVM by mitigating overfitting and enhancing
generalization. Ultimately, the model’s ability to distinguish
flow patterns using multi-parameter features provides a robust
technical foundation for locating flash evaporation initiation
and assessing its severity in geothermal operations, addressing
a key challenge in optimizing well performance and safety.

Future work should prioritize testing the PSO-LSSVM
framework in actual downhole geothermal wells. Real-world
conditions, including variable lithology, fluctuating production
rates, and wellbore scaling, will challenge model robustness
and guide refinements to bridge lab findings with industrial
deployment. This step is critical to ensuring the method’s
utility in real production environments. Expanding beyond
differential pressure signals could capture more nuanced fea-
tures of ambiguous flow patterns. Multimodal fusion would
likely improve recognition accuracy for transient or overlap-
ping regimes, addressing current limitations and extending the
model’s applicability to complex flow scenarios.
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