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ABSTRACT: Slug flow represents one of the most critical and operationally challenging regimes in oil-gas-water

multiphase pipelines. To advance both mechanistic understanding and predictive capability, this study integrates

physical analysis with data-driven modeling to elucidate the conditions governing slug formation and to enable its

rapid and accurate prediction. A systematic review of existing research is first undertaken to clarify the mechanisms

responsible for slug initiation. The influences of gas superficial velocity, liquid velocity, liquid viscosity, liquid surface

tension, and the axial component of gravity are examined to characterize their roles in interfacial instability and flow

transition. Then, the effects of temperature, total flow rate, water cut, gas-liquid ratio, and pipeline inclination angle

are quantitatively assessed, revealing the dominant trends that promote or inhibit slug development. Building on

this foundation, a comprehensive three-phase oil-gas-water flow model is constructed. Numerical simulations are

performed for 243 operating conditions encompassing a broad range of temperatures, water cuts, gas-liquid ratios,

liquid flow rates, and inclination angles. These simulated cases constitute the training dataset for nine machine

learning algorithms. To evaluate generalization performance, 108 additional randomly generated operating conditions

are predicted, covering temperatures of 80–150
◦
C, water cuts of 40–90%, gas-liquid ratios of 3–30, liquid flow rates of

100–200 t/d, and inclination angles of 5–15. Comparative validation reveals marked differences in predictive accuracy.

The BP neural network achieves the highest accuracy, 95%, substantially outperforming XGBoost, 83.3%, Random

Forest and Decision Tree, 81.5%, Logistic Regression and Support Vector Machine, 80.6%, K-Nearest Neighbor and

Naive Bayes 78.7%, and K-Means, 63%. Overall, the BP neural network demonstrates superior robustness and precision

in predicting previously unseen operating conditions, effectively combining the physical consistency of mechanistic

modeling with the efficiency and adaptability of machine learning approaches.
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1 Introduction

Slug flow is a classic challenge in the field of multiphase flow transportation. As the energy industry

advances toward more complex and harsh environments, this challenge becomes increasingly prominent.

This unstable flow pattern can induce severe pipeline vibration, significant fluctuations in system pressure,

and impacts on terminal processing equipment, severely restricting the safety and operational efficiency of

production systems.

Currently, some researchers have obtained a series of study outcomes in the formation mechanism of

slug flow. The development of slug flow starts with the strengthening of instabilities inside the liquid film.

These instabilities usually manifest as interfacial waves, which grow in amplitude until they span the pipe
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cross-section [1]. Under specific conditions, however, these waves may not reach sufficient height to reach

the pipe crown, leading to the creation of pseudo-slug structures. These appear as large-amplitude waves

that partially block the pipe’s internal cross-section and move at a speed lower than the translational speed

of a fully developed slug [2,3]. After formation, slug flow shows a cyclical pattern: in low-pressure zones, a

developing slug moves at high speed, sweeping up the liquid ahead. This creates a hydrostatic imbalance

and eventually leads to the collapse of the liquid bridge downstream. This collapse, in turn, generates new

disturbances that trigger the next slug in the cycle. Slugs expand by interacting with the leftover liquid film

shape left by prior slugs, eventually reaching a quasi-steady state where the rates of liquid entrainment and

shedding are balanced. If the liquid height drops below the critical limit needed to maintain a slug, the

structure starts to break down the process elaborated by Taitel et al. [4], Davies et al. [5], and Barnea et

al. [6].

To study the factors that affects the slug flow, Ma et al. [7] used FLUENT to conduct three-dimensional

simulations of liquid slugs and annular flows at different velocities in gas-liquid dual-phase flow within

elbows, aiming to assess the elements affecting slug flow onset in such dual-phase flow inside elbows.

Li et al. [8] conducted numerical simulations of gas-liquid dual-phase flow in DN50 pipelines using the

Volume of Fluid (VOF) method paired with adaptive dynamic grid techniques. The reliability of the CFD

simulation was validated by cross-referencing with experimental datasets and literature results, with

in-depth analysis conducted on the influence mechanisms of various factors. Lyu [9] obtained through

computational simulations of two-phase gas-liquid flow that slug flow often occurs at locations where the

pipeline layout changes, especially when a downward-inclined pipeline connects to a vertical riser, which

is prone to inducing severe slug flow. Dang et al. [10] illustrated through research on two-phase gas-liquid

flow that the influencing factors of severe slug flow include flow velocity and gas flow rate, and proposed

methods to effectively reduce severe slug flow in riser sections. Ren et al. [11] conducted an in-depth

investigation into the characteristics of gas-liquid dual-phase flow in horizontal pipes and uncovered how

varying gas-liquid flow ratios impact the initiation of slug flow. Wang et al. [12] centered their research

on examining, through experiments, how changes in the tilt angle of gas-liquid dual-phase flow pipelines

affect the flow pattern transition boundary.

To simulate the slug flow accurately, the study of the slug tracking model has undergone a long period

of development [13,14]. The slug tracking model has been improved in different ways. Nydal et al. [15]

extended this mathematical framework to pipelines with variable tilt angles, establishing mass balance

equations for the liquid slug (under the assumption of no gas), the elongated bubble, and the transient

liquid film. Many scholars [16–18] centered their research on inclined pipelines, integrating temperature

fluctuations and introducing pressure differences described via momentum flux to capture head losses

caused by liquid recirculation in the wake of the elongated bubble. Smoothed Particle Hydrodynamics

(SPH), as a Lagrangian particle-based method, is inherently well-suited for simulating flows involving

large deformations, free surfaces, and complex interfaces. For instance, the smoothed-interface SPH model

for multiphase fluid-structure interaction developed by Guo et al. [19,20] is used to accurately capture

interactions at phase interfaces. This provides a new paradigm for studying the dynamic response of

pipe walls under slug impact loads. For slug flow, three classic modeling approaches are available: the

cell-averaged model, the slug tracking method, and the slug capture method. Nevertheless, the precision and

reliability of the slug capture model largely depend on grid resolution, leading to substantial consumption

of computational resources and time. Thus, it is crucial to propose an efficient and precise approach for

slug flow prediction [21,22].
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However, existing studies mainly focus on two-phase flow or specific operating conditions [23,24],

and the formation mechanism of slug flow in oil-gas-water three-phase flow has not been fully clarified,

nor have the various factors affecting slug flow formation been comprehensively summarized and analyzed.

Compared with two-phase flow, the flow patterns of oil-gas-water three-phase flow exhibit more complex

spatiotemporal inhomogeneous distribution characteristics. Currently, some researchers have carried out

relevant theoretical and experimental studies focusing on the flow characteristics of different three-phase

flow patterns and the transition properties between these patterns. For example, Açıkgöz et al. [25]

conducted dynamic experimental observations on oil-gas-water three-phase flow in horizontal pipelines by

setting up a transparent observation window, and proposed a three-element method for defining the types of

three-phase flow patterns based on the observation results. The first element is to determine the continuous

phase (oil-based or water-based) according to the relationship between the liquid phase and the pipe wall;

the second element is to identify the flow structure between the two liquid phases (separated or dispersed);

the third element is to confirm the flow structure between the gas and liquid phases (bubbly, stratified, wavy,

plug, slug, or annular flow). This method has laid an important foundation for subsequent research on the

flow patterns and identification of oil-gas-water three-phase flow. Wegmann et al. [26] defined oil-gas-water

three-phase flow patterns by combining the gas-liquid interfacial structure and the oil-water interfacial

structure, and measured the oil-gas-water three-phase flow in small-diameter horizontal pipelines using

high-speed cameras and laser-induced fluorescence (LIF) technology, revealing the flow characteristics

of six flow patterns (stratified-intermittent flow, annular-intermittent flow, intermittent-dispersed flow,

intermittent-intermittent flow, dispersed-intermittent flow, and dispersed-annular flow). Due to differences

in experimental conditions, there are certain discrepancies in the conclusions drawn by different researchers.

To date, universal standards for the definition, transition, and classification of oil-gas-water three-phase

flow patterns have not been established, and relevant research is still in the developmental stage. The

accurate identification of oil-gas-water three-phase flow patterns still faces tremendous difficulties and

challenges.

To this end, this paper develops a high-fidelity oil-gas-water three-phase flow model to systematically

unravel the slug flow formation mechanism, addressing the issue that the model is difficult to apply to

the real-time and rapid prediction of on-site slug flow conditions, this paper selects the optimal model for

slug flow prediction by comparing the applicability of different machine learning models, and establishes

an efficient machine learning prediction model. This research not only deepens the understanding of the

mechanism but also provides a key technical tool for realizing intelligent monitoring of pipelines and

rapid scheme screening. In contrast to the majority of current research focused on gas-liquid dual-phase

flow, the slug flow prediction is comparatively sluggish and imprecise. This study mainly explores the

emergence of slug flow in pipelines carrying high-viscosity crude oil blended with associated gas and water,

and conducts comparisons among various machine learning models. The research pinpoints the machine

learning model featuring optimal predictive capability, enabling the efficient and precise determination of

slug flow formation.

2 Analysis of Influencing Factors and the Mechanism Underlying Slug Flow Formation

The formation of slug flow is the result of the strong coupling of multiple factors such as thermodynamic

conditions, fluid composition, and pipeline geometric characteristics. By reviewing literature, this study

identifies temperature, gas-liquid ratio, liquid flow rate, water cut, and pipeline inclination angle as core

influencing factors. The regulatory effects of each factor are explored by assessing variations in gas

superficial velocity, liquid velocity, liquid phase viscosity, liquid surface tension, and the axial component of
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gravity: higher system temperature, higher volume water cut, lower liquid phase flow rate, higher gas-liquid

ratio, and larger pipeline inclination angle all significantly enhance flow instability, thereby promoting

the formation and development of slug flow. The specific influence laws are shown in Fig. 1, where red

represents liquid slugs, brown represents liquid, and blue-white represents gas.

Figure 1: Development laws of slug flow under different factor changes.

The internal physical mechanism is elaborated as follows:

(1) When the temperature rises, the liquid phase viscosity decreases, which strengthens the gas-phase’s

shear disturbance on the liquid phase, accelerates the unstable growth of liquid surface fluctuations,

and makes it easier to form slug flow;

(2) When the total liquid flow rate decreases, the liquid film at the bottom of the pipeline becomes thinner

and less continuous, and the surface tension of the liquid decreases, providing a penetration channel

for the gas phase and promoting the formation of liquid slugs;

(3) When the water cut rises, the liquid phase viscosity decreases, and the fluid mobility rises, which

supports the formation of more stable, long-lasting liquid slugs;

(4) When the gas-liquid ratio rises, the gas superficial velocity rises, the gas kinetic energy enhances, the

entrainment and the gas phase’s ability to entrain and carry the liquid phase, making it easier to stir

the liquid surface and form continuously moving liquid slug sections;

(5) When the pipeline upward inclination angle rises, the liquid flow velocity decreases, and the axial

component of gravity promotes the liquid phase to accumulate more easily in low-lying or climbing

sections, causing local blockages, thereby triggering slug flow.

As illustrated in Fig. 2, the underlying physical mechanisms by which slug flow influencing factors act.

 

Figure 2: Influencing factors and variation trends of slug flow.
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The above five factors jointly affect the formation of slug flow, so these five factors need to be considered

when predicting slug flow formation.

3 Construction of Pipeline Oil-Gas-Water Three-Phase Flow Model

Among numerous multiphase flow simulation tools, OLGA has become the industry’s first choice

owing to its strong capability to accommodate complex pipeline layouts and transient flow regimes [27]. Its

model is based on solid multiphase flow theory and has been calibrated with a large amount of experimental

and field data, especially in simulating complex conditions such as undulating pipelines and large-inclination

wellbores with high accuracy. ThroughOLGA simulation, the dynamic response of the pipeline system under

various operating conditions can be reliably obtained, including but not limited to pressure distribution,

thermal changes, and flow pattern transitions. These detailed data provide a core basis for accurately

analyzing flow laws. OLGA software serves as the data source for this study, despite its inherent limitations.

Its underlying assumption relies on one-dimensional cross-sectional averaging, which hinders its ability to

resolve three-dimensional flow details inside the pipeline’s cross-section. Several alternative software tools

are available, including LedaFlow. Nevertheless, in OLGA’s slug tracking model, slug flow does not demand

a fine mesh and can be simulated using a relatively coarse grid (with lengths equivalent to dozens of pipe

diameters), thereby enabling a comparatively short simulation duration. In contrast, LedaFlow [28] solves

waves and slugs directly on the computational grid through high-order numerical methods, necessitating a

relatively fine mesh. Such a fine mesh, though, extends the computation time. Additionally, under specific

extreme operating conditions, LedaFlow’s simulation results may fail to converge. At present, there are

no effective solutions within LedaFlow to address this issue, leading this study to select OLGA as the

simulation tool. For the OLGA software, there are three classic approaches for modeling slug flow including

the unit cell model, slug tracking method, and slug capture method. The unit cell model is grounded in the

principle of control volume averaging, making it well-suited for predicting the steady-state or statistically

averaged behaviors of slug flow. By contrast, the slug tracking method adopts a Lagrangian framework,

which treats each slug as a discrete entity and dynamically tracks its motion along the pipeline. Both the

slug tracking and slug capture methods can provide the spatiotemporal distribution data required for the

analysis of curved pipeline structures. Nevertheless, the accuracy and reliability of the slug capture method

are highly dependent on grid resolution, which inevitably incurs substantial computational resources and

time overheads. This thus underscores the imperative of developing a rapid and high-accuracy approach

for slug flow prediction.

The construction of OLGA’s multiphase flow model includes the construction of physical property

files and pipeline physical models.

OLGA incorporates three flow regime transition models: the Taitel-Dukler model [29], the Beggs-Brill

model [30], and the modified Baker model [31]. The Taitel-Dukler model is well-suited for simulating

low-viscosity oil-gas-water three-phase flow in horizontal or slightly inclined pipes; the Beggs-Brill model

is applicable to simulating mixed fluids of medium-viscosity crude oil, associated gas, and water in pipelines

at any angle of inclination; and the modified Baker model is designed for simulating high-viscosity crude oil

flow in vertical or steeply inclined pipes. For distinct fluid types and pipeline configurations, the respective

applicable empirical formulas are employed to compute the critical thresholds governing flow pattern

transitions. If the actual gas-phase velocity surpasses the critical gas velocity, the flow pattern shifts from

stratified flow to wavy stratified flow. If the liquid level exceeds the critical liquid height, the flow pattern

transitions from wavy stratified flow to slug flow. If the liquid holdup surpasses its critical value, the flow

pattern converts from stratified flow to bubbly flow.
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The construction of physical property files usually uses Multiflash or PVTsim software. The workflow

of both starts with defining a detailed list of fluid components in the software. Users can input detailed

hydrocarbon components from C1 to C80+ and specify non-hydrocarbon components and water salinity.

The software can select thermodynamic models, including cubic equations of state and advanced equations

of state. When gums and asphaltenes are present, the asphaltene viscosity model should be selected to

correct the viscosity and density of the mixture. Then, the temperature and pressure ranges as well as

the oil-gas-water proportioning are determined. Finally, the phase equilibrium and physical property

parameters of the fluid under different pressures and temperatures are calculated, and a physical property

file directly callable by OLGA is generated. Both can well construct common fluid physical property files,

and this study selects Multiflash to construct the physical property file.

Import the previously generated physical property file into the OLGA model. A simple physical model

usually includes units such as inlet, outlet, pipeline, and valve. The inlet and outlet can set temperature and

pressure as boundary conditions or temperature and flow rate as boundary conditions. The parameters to

be set for the pipeline segment unit include length, elevation change, inner diameter, absolute roughness,

pipe wall material, ambient temperature, and total heat transfer coefficient; the valve can set valve opening,

valve position, and valve characteristics. The physical model established in OLGA is shown in Fig. 3. When

there is a large amount of water in the fluid, the SteamWater-HC function should be used. Enabling this

function facilitates water evaporation, does not require the pre-existence of a gas phase, and can handle

cases where the saturation line is crossed in a single-component system. When there are slugs dominated

by initial conditions and geometry (start-up, terrain), we need to turn on LEVEL, which can accurately

capture the start-up slugs formed by the static liquid accumulated in the low-lying parts of the pipeline

being pushed when the pipeline system starts. When there are slugs naturally generated by hydrodynamic

instability, the HYDRODYNAMIC key needs to be turned on. After opening, each slug unit can be tracked,

providing detailed information such as its length, velocity, frequency, and gas holdup. When LEVEL and

HYDRODYNAMIC are enabled together, it is possible to study severe slug flows caused by the combined

effects of hydrodynamics and terrain variations.

A solution independent of the simulation duration can be obtained by setting the simulation duration.

Compare the results under different simulation durations. If increasing the endtime (In OLGA, endtime

denotes the simulation duration) on the basis of a certain duration does not change the results, this

duration is determined as the simulation duration. The core output parameters of OLGA include pressure,

temperature, liquid hold-up, slug length, flow velocity, flow regime, and flow rate.

Figure 3: Pipeline physical model constructed in OLGA.

4 Comparative Analysis of Machine Learning Models for Slug Flow Prediction

Although physical models have the advantages of clear physics and high accuracy, their time-consuming

computational simulation limits their application in rapid scheme screening and real-time control.

Data-driven machine learning methods provide a new paradigm for solving this bottleneck. Its advantages

lie in high computational efficiency and easy integration into existing control or monitoring systems.
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There are various classic models in the field of machine learning. These models have significant

differences in principle mechanisms, performance, and applicable scenarios. Their core advantages and

disadvantages jointly determine the model selection logic in different scenarios. This paper adopts nine

different machine learning models to predict slug flow in oil-gas-water three-phase flow.

4.1 Random Forest Model

Random Forest by employing Bootstrap resampling technique, this algorithm constructs K independent

training subsets from the original multiphase flow dataset and trains K decision trees in parallel [32]. The

specificmechanism of themodel is illustrated in Fig. 4. During the prediction phase, the algorithm aggregates

the outputs of all base classifiers (decision trees) and determines the final flow pattern category through

a majority voting mechanism. This ensemble approach can effectively reduce the variance of a single

high-bias model and enhance the robustness of slug flow identification in multiphase flow. Assuming that

for an input operating condition vector 𝑥 (containing features such as temperature, gas-liquid ratio, and

water cut), For the input 𝑥 , the prediction yielded by the k-th decision tree is denoted as ℎ𝑘(𝑥), the Random

Forest’s final prediction 𝑌 is shown in Eq. (1).

𝑌 = argmax

𝑐∈{0,1}

𝐾

∑

𝑘=1

𝐼 [ℎ𝑘(𝑥) = 𝑐] (1)

where: 𝑌 denotes the final flow pattern prediction generated by the model; 𝑐 is the flow pattern category

label (taking values of 0 or 1); k denotes the decision tree’s index; K represents the total count of decision

trees; ℎ𝑘(𝑥) stands for the k-th decision tree’s independent prediction of the input feature vector 𝑥; 𝐼 (⋅) acts

as an indicator function: it evaluates to 1 if the associated condition is met, and 0 in all other cases.

 

Figure 4: Random Forest model.

4.2 Decision Tree Model

The Decision Tree is constructed using the CART (Classification and Regression Tree) algorithm, and

its essence is to recursively partition the high-dimensional feature space into non-overlapping rectangular

regions [33]. At each non-leaf node, the algorithm iterates through all features and their split thresholds to

find the optimal split point that maximizes the purity of the samples in the child nodes (i.e., minimizes the

Gini impurity). Assuming that the current node contains a sample set D, the algorithm selects feature j and
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threshold t for splitting. Its objective function (split cost) 𝐽 (𝑗 , 𝑡) is defined in Eq. (2), and the calculation

formula for Gini impurity is shown in Eq. (3).

𝐽 (𝑗 , 𝑡) =

𝑚𝑙𝑒𝑓 𝑡

𝑚

𝐺𝑖𝑛𝑖𝑙𝑒𝑓 𝑡 +

𝑚𝑟𝑖𝑔ℎ𝑡

𝑚

𝐺𝑖𝑛𝑖𝑟𝑖𝑔ℎ𝑡 (2)

𝐺𝑖𝑛𝑖(𝐷) = 1 −

1

∑

𝑐=0

𝑝𝑐 (3)

where: 𝐽 (𝑗 , 𝑡) is the split cost of feature j at threshold t;m represents the overall sample count corresponding

to the current node; 𝑚
𝑙𝑒𝑓 𝑡/𝑟𝑖𝑔ℎ𝑡

correspond to the sample counts of the left-branched and right-branched

child nodes generated after the splitting step, in sequence; 𝐺𝑖𝑛𝑖
𝑙𝑒𝑓 𝑡/𝑟𝑖𝑔ℎ𝑡

denote the Gini impurity metrics

of the sample subsets associated with the left-branched and right-branched child nodes (resulting from the

splitting process), correspondingly; 𝑝𝑐 is the proportion of samples belonging to category c (slug flow or

non-slug flow) in the sample set.

4.3 XGBoost Model

As shown in Fig. 5, XGBoost (Extreme Gradient Boosting) is an additive model based on the Boosting

strategy [34]. Different from the parallel computing of Random Forest, XGBoost adopts sequential iterative

training. The goal of constructing the t-th tree 𝑓𝑡(𝑥𝑖) is to fit the residual between the predicted value of the

previous round of the model and the true flow pattern label. To prevent overfitting on high-noise pipeline

data, XGBoost explicitly introduces a model complexity regularization term into the objective function

and optimizes the gradient descent process using second-order Taylor expansion. The structured objective

function 𝐿
(𝑡)

for the t-th iteration is shown in Eq. (4), and the definition of the regularization term Ω(𝑓𝑡) is

given in Eq. (5).

 

Figure 5: XGBoost model.

𝐿
(𝑡)

=

𝑛

∑

𝑖=1
[
𝑔𝑖𝑓𝑡(𝑥𝑖) +

1

2

ℎ𝑖𝑓
2

𝑡
(𝑥𝑖)

]
+ Ω(𝑓𝑡) (4)



Fluid Dyn Mater Process. 2026;22(3):9 9

Ω(𝑓𝑡) = γT +

1

2

𝜆‖w‖
2

(5)

where: i marks the identifier for each individual sample; n signifies the full size of the training sample set;

𝑔𝑖 and ℎ𝑖 denote, in sequence, the first-order slope and second-order rate of change (of the loss function)

relative to the forecast value from the prior iteration; 𝑓𝑡(𝑥𝑖) stands for the additive forecast output of the

t-th tree when handling sample i; T represents the count of terminal nodes; ‖𝑤‖
2
refers to the L2 measure

associated with the weight vector of terminal nodes; 𝛾 is the punitive factor tied to the quantity of terminal

nodes; 𝜆 denotes the L2 regularization factor applied to the weights of terminal nodes.

4.4 Naive Bayes Model

As shown in Fig. 6, the Naive Bayes approach draws on Bayes’ theoremwithin probabilistic analysis [35],

and incorporates the strict premise of “conditional independence among features”. Given that pipeline

operation data are all continuous variables, Gaussian Naive Bayes is adopted in this study. The model

assumes that under a given flow pattern category c, each physical feature (such as liquid flow rate, water cut,

gas-liquid ratio, etc.) follows a normal distribution, and the flow pattern is determined by maximizing the

posterior probability. For a given operating condition vector 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑛), the flow pattern category

prediction formula is shown in Eq. (6). Among them, the likelihood probability 𝑃(𝑥𝑗
|
|
𝑐) follows a Gaussian

distribution, as detailed in Eq. (7).

𝑦̂ = argmax

𝑐∈{0,1}

𝑃(𝑐)

𝑑

∏

𝑗=1

𝑃(𝑥𝑗
|
|
𝑐) (6)

𝑃(𝑥𝑗
|
|
𝑐) =

1

√

2𝜋𝜎
2

𝑗,𝑐

exp

(

−
(𝑥𝑗 − 𝜇𝑗 ,𝑐)

2

2𝜎
2

𝑗,𝑐 )

(7)

where: 𝑦̂ is the predicted category output by the model; 𝑃(𝑐) is the prior probability of the category (derived

from how often slug flow instances appear in the training dataset); j stands for the index corresponding to

the feature dimension; 𝑑 is the total dimension of the input feature vector; 𝑥𝑗 is the j-th feature variable in

the input vector; 𝑃(𝑥𝑗
|
|
𝑐) is the likelihood probability that feature j takes the value 𝑥𝑗 given the known flow

pattern c; 𝜇𝑗 ,𝑐 and 𝜎
2

𝑗,𝑐
correspond to the average value and squared deviation of the j-th feature under

category c, in that order.

 

Figure 6: Naive Bayes model.
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4.5 Logistic Regression Model

Logistic Regression constitutes a generalized linear framework employed to measure how each feature

parameter contributes linearly to the likelihood of slug flow occurrence [36]. As shown in Fig. 7, the model

performs linear weighting on the input feature vector 𝑥 and maps it through the Sigmoid function to directly

output the probability of slug flow occurrence under the current operating conditions. The prediction

probability model is defined in Eq. (8). Among them, the model needs to optimize the weight parameters

through maximum likelihood estimation (minimizing the logarithmic loss), as detailed in Eq. (9).

𝑃(𝑦 = 1|x) =
1

1 + 𝑒
−(𝑤

𝑇
𝑥+𝑏)

(8)

𝐽 (𝑤, 𝑏) = −

1

𝑞

𝑞

∑

𝑖=1

[𝑦𝑖 log(𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖)] (9)

where: 𝑃(𝑦 = 1|𝑥) is the predicted probability that the flow pattern label y is 1 (i.e., slug flow occurs) under

the current operating condition 𝑥; 𝑤 is the weight coefficient vector, representing the influence degree

of each physical parameter on the formation of slug flow in multiphase flow; 𝑤
𝑇
is the transpose of the

weight coefficient vector; b is the intercept term (bias); 𝐽 (𝑤, 𝑏) is the total loss function of the model; 𝑞 is

the total number of samples used for training; 𝑦𝑖 is the true label of the i-th sample (1 for slug flow, 0 for

non-slug flow); 𝑦̂𝑖 is the predicted probability that the model classifies the i-th sample as slug flow.

 

Figure 7: Logistic Regression model.

4.6 K-Means Model

K-Means is an unsupervised data grouping technique, and its core logic involves dividing a dataset into

K distinct subsets through iterative tuning—strengthening the likeness of entries within one subset while

weakening the likeness of entries across different subsets [37]. As shown in Fig. 8, it functions without

labeled data, leaning solely on the inherent characteristics of sample attributes to complete the grouping

process. This technique first sorts existing operating condition data into 2 subsets based on “whether slug

flow has formed”, then works out the feature average (subset center) for each subset. When new pipeline

operating condition data (such as temperature and water cut) is input, the technique gauges the separation
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between the new data and each subset center by applying the Euclidean distance calculation (as shown in

Eq. (10)):

𝐿 =

√

∑(𝑋𝑖 − 𝐶𝑖)
2

(10)

where: 𝐶𝑖 is the cluster center of the i-th category data; 𝑥𝑖 is the i-th sample vector.

If the separation between the newly input data and the subset center of a given group is narrower,

it suggests that its attributes are more aligned with those of that group. The diagram below outlines the

workflow of K-Means for slug flow forecasting.

Figure 8: K-Means model.

4.7 Support Vector Machine Model

Support Vector Machine (SVM) is a classic binary classification algorithm in supervised learning [38].

It first uses the radial basis function kernel to address the non-linear correlation between slug flow features

and formation results, mapping low-dimensional input features to a high-dimensional space. Then, it

finds the hyperplane that maximizes the margin between “slug flow” and “non-slug flow” samples in the

high-dimensional space. Finally, it determines whether the new operating condition features belong to the

“slug flow” or “non-slug flow” category by judging which side of the hyperplane they are located in. This

logic of “dimension elevation + maximum margin” not only adapts to the complex influence relationships

of slug flow but also improves the stability of prediction.

Support VectorMachines (SVM) identify the ideal decision hyperplane by addressing a convex quadratic

optimization task. Its target function is designed to expand the classification gap as much as possible, while

permitting a limited level of classification errors, the target function is shown in Eq. (11):

1

2

∥ 𝑤 ∥
2
+𝐶

𝑛

∑

𝑖=1

𝜉𝑖 (11)

where: 𝑤 denotes the perpendicular vector corresponding to the decision hyperplane; b stands for the offset
term associated with this decision hyperplane; C represents the punitive factor; 𝜉𝑖 refers to the extent to

which a sample deviates from the expected boundary.
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It is also required to satisfy 𝜉𝑖 ≥ 0 and the constraint, the constraint is shown in Eq. (12):

𝑦𝑖(𝑤 x𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 (12)

where: 𝑦𝑖 is the true label of the i-th sample, and 𝑥𝑖 is the feature vector of the i-th sample.

As depicted in Fig. 9, this diagram outlines the framework of an SVM-based slug flow forecasting

model, and its process can be divided into three layers: First, the Input Layer receives 5 core characteristic

parameters of the multiphase flow pipeline (temperature, water cut, gas-liquid ratio, liquid flow rate,

and pipe inclination). After preprocessing via Feature Normalization, the data is fed into the SVM

core optimization module. This component builds the ideal decision hyperplane by resolving a convex

optimization task—composed of a target function paired with constraint terms. Finally, the Output Layer

yields the binary classification result of “slug flow (Label 1)/non-slug flow (Label 0)”, enabling rapid

identification of slug flow states in multiphase flow operating conditions.

Figure 9: Support Vector Machine model.

4.8 BP Neural Network Model

The BP neural network constitutes a traditional multi-layer forward-passing network within supervised

learning frameworks [39]. Its key function is to model the intricate nonlinear link between inputs and

outputs via a repeated cycle: “calculating forecast values through forward signal transmission” and

“adjusting weight parameters via backward error propagation”. It takes its name from the Back Propagation

error-adjusting mechanism, and ranks among the foundational models for deep learning. MSE (Mean

Squared Error) is a key parameter for evaluating the performance of neural network models, the calculation

equation of MSE is shown in Eq. (13):

𝑀𝑆𝐸 =

1

𝑛

𝑛

∑

𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)
2

(13)

where: 𝑀𝑆𝐸 refers to the Mean Squared Error, 𝑛 denotes the count of processing units in the neural

network’s output stage, 𝑦𝑖 stands for the actual output of the i-th processing unit in this stage, and 𝑦̂𝑖 is the

forecasted output of that same i-th processing unit.

A standard BP-based network is typically composed of three stages: an input stage, a hidden stage,

and an output stage. Each stage is fully linked to the others, with no internal connections within a single
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stage. The hidden stage may include several sub-stages; for most network architectures, a single hidden

stage is adequate. Fig. 10 presents the framework diagram of a standard BP-based network.

 

Figure 10: BP Neural Network model.

4.9 K-Nearest Neighbor Model

The principle of the K-Nearest Neighbors (KNN) model is based on the supervised learning logic of

“category determined by sample similarity” [40]. Its core mechanism lies in the strong correlation between

the slug flow state of the fluid and features such as temperature, water cut, liquid flow rate, and pipeline

inclination angle—feature parameters of the same flow pattern (slug flow/non-slug flow) exhibit “local

aggregation” in the high-dimensional space. Therefore, the KNNmodel first quantifies the feature difference

between the new sample and the training samples through the 𝐿𝑝 distance equation. The 𝐿𝑝 distance

equation is shown as Eq. (14):

𝐿𝑝(𝑥𝑖, 𝑥𝑗) =

(

𝑛

∑

𝑙=1

|𝑥
(𝑙)

𝑖
− 𝑥

(𝑙)

𝑗
|
𝑝

)

1

𝑝

(14)

where: 𝐿𝑝(𝑥𝑖, 𝑥𝑗) is the 𝐿𝑝 distance between two instance points 𝑥𝑖 and 𝑥𝑗 , 𝑝 is the order of the 𝐿𝑝 distance,

𝑥𝑖 is the feature vector of the i-th instance point, 𝑥𝑗 is the feature vector of the j-th instance point, and n is

the dimension of the feature vectors. 𝑥
(𝑙)

𝑖
is the value of sample 𝑥𝑖 in the l-th feature dimension, 𝑥

(𝑙)

𝑗
is the

value of sample 𝑥𝑗 in the l-th feature dimension.

In the actual prediction of slug flow, the number of neighbors K is preset first. After obtaining the

feature parameters from the input layer, the distances between the new sample and all samples in the

training set are calculated using the Lp distance equation, and the K samples with the closest distances are

selected (due to their high feature similarity, the flow pattern categories of these samples can better reflect

the true state of the new sample). Then, based on the mechanism that “the flow pattern of the majority of

samples represents the flow pattern of the new sample”, the voting decision module counts the category

proportion of these K neighbors, and finally obtains the binary classification result of “slug flow/non-slug

flow” at the output layer. As shown in Fig. 11 below, it illustrates the structural model diagram of the

K-Nearest Neighbors (KNN) model.
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Figure 11: K-Nearest Neighbor model.

4.10 Model Evaluation Indicators

By and large, the strengths and limitations of distinct machine learning frameworks are mutually

supplementary, while predictive precision stands as a critical metric to prioritize when choosing a model.

Since different configurations of different machine learning models will affect the accuracy of model

prediction, this paper to use the F1 function as an indicator to judge model accuracy. The F1 metric

represents the harmonic average of Precision and Recall, requiring the prior calculation of both indicators.

In slug flow prediction, high Precision indicates that the “slug flow alarm” triggered by the model is highly

reliable, which can minimize unnecessary production interventions (thus reducing false positive costs);

high Recall enables the model to capture the maximum number of actual slug flow events, guaranteeing

the safety of the pipeline system (thereby cutting false negative costs). The formulation of the “F1 score

priority” principle is specifically intended to strike an optimal balance between the two, with the goal

of constructing a warning model that is both dependable and responsive. This metric selection criterion

underscores the research’s focus on engineering practicality, which places equal emphasis on safety and

efficiency.

Accuracy is defined as the proportion of cases predicted as “slug flow present” that are truly slug flow

instances. High accuracy indicates that when an alarm is raised by the model, it is highly credible and

warrants the attention of pipeline monitoring personnel. As shown in Eq. (15):

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃

× 100% (15)

where: TP (True Positives) represents cases where slug flow actually occurs and is correctly predicted by

the model, and FP (False Positives) denotes cases where slug flow does not occur but is incorrectly predicted

by the model (false alarms).

Recall is characterized as the share of real-world “slug flow occurrence” instances that the model

manages to detect correctly. This is considered one of the most critical indicators in slug flow prediction.
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High recall implies that genuinely hazardous slug flow conditions are rarely missed, which is essential for

operational safety. As shown in Eq. (16):

𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁

× 100% (16)

where: FN (False Negatives) represents cases where slug flow actually occurs but is not predicted by the

model (missed detections).

The F1 score is recognized as the optimal single metric for comprehensively evaluating model

performance, as it identifies a balance when accuracy and recall are in conflict. As shown in Eq. (17):

𝐹1 =

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

× 100% (17)

When different models are compared, the priority of evaluation metrics is established as: F1 score
greater than accuracy. That is, the model with the highest F1 score is prioritized. If the F1 scores are

identical, accuracy is then compared. Should the accuracy also be equal, the model with the shorter training

time is selected.

4.11 Hyperparameter Optimization and Validation Strategy

To guarantee the reproducibility and fairness of model comparison, a systematic hyperparameter

optimization procedure was adopted. The optimization was carried out via Grid Search, with the objective

function designed to maximize the F1 score. To strictly isolate tuning and testing processes, 5-fold

Cross-Validation was executed solely on the 195 training samples. This ensures that the hyperparameters

were adjusted without “accessing” the final test set (20%), thus avoiding data leakage. The specific

implementation outcomes and the identified optimal parameters are elaborated in Section 5.1.

5 Case Study

5.1 Model Performance Comparison and Evaluation

To validate the universality of the established model, a typical undulating pipeline route is designed,

as illustrated in Fig. 12. The total pipeline length is 15 km, with an inner diameter of 0.207 m. The pipe

wall material is composite, with an absolute roughness of 5 × 10
−5

m. The ambient temperature of the

pipeline is set at 5
◦
C, and the overall heat transfer coefficient is 0.6 W/(m

2
⋅
◦
C). The simulation duration

is configured for 3 days. Through the physical model, five key factors are analyzed: temperature (80
◦
C,

120
◦
C, 150

◦
C), water cut (40%, 60%, 90%), liquid flow rate (100 t/d, 200 t/d, 300 t/d), gas-liquid ratio (3, 5,

15), and inclination angle of the uphill pipe segment (5
◦
, 10

◦
, 15

◦
). A systematic cross-analysis of the five

aforementioned factors yielded 243 simulated typical operating conditions.

The oil-gas-water three-phase flow model simulates 243 operating conditions composed of varying

temperatures, water cuts, gas-liquid ratios, liquid flow rates, and pipeline inclination angles. As shown

in the following figure, it can be judged whether there is slug flow according to observations. When the

inlet temperature is 120
◦
C, the inlet flow rate is 2 kg/s, the gas-liquid ratio is 5 (since the data given in the

engineering application is fixed, it is the ratio of the volume flow rate of gas in Nm
3
/d to the mass flow

rate of liquid in t/d), the water cut is 90%, and the pipeline inclination angle is 5
◦
, the simulation result is

shown in Fig. 13. Depending on whether the slug length is 0, 243 sets of simulated conditions are labeled

as “slug flow (1)” or “non-slug flow (0)” as training labels for the machine learning model. At the same

time, five key influencing factors corresponding to each condition—temperature, water content, liquid flow
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rate, gas-liquid ratio, and pipe inclination—are used as input features for the machine learning model to

complete the model training and testing.

Figure 12: Slug flow cross operating conditions.

Figure 13: Slug flow formation diagram in the pipeline under a certain operating condition.

The results of the single-variable analysis are summarized as follows:

(1) With other main factors fixed, as the temperature rises from 40
◦
C to 70

◦
C, the number of slug flow

occurrences increases from 42 to 53. The liquid phase viscosity decreases, making slug flow more

likely to form.

(2) With other main factors fixed, as the liquid phase flow rate decreases from 300 t/d to 100 t/d, the

number of slug flow occurrences increases from 22 to 43. The liquid film at the bottom of the pipeline

becomes thinner and less continuous, facilitating the formation of slug flow.

(3) With other main factors fixed, as the water cut increases from 40% to 90%, the number of slug flow

occurrences increases from 35 to 67. The liquid phase viscosity reduces, which is conducive to the

formation of slug flow.

(4) With other main factors fixed, as the gas-liquid ratio increases from 3 to 30, the number of slug flow

occurrences increases from 17 to 72. The gas superficial velocity and gas kinetic energy increase,

enhancing the gas’s ability to entrain and carry the liquid phase, thus making it easier to stir the liquid

surface and form continuous slug segments.

(5) With other main factors fixed, as the pipeline inclination angle increases from 5
◦
to 15

◦
, the number

of slug flow occurrences increases from 44 to 55. The axial component of gravity promotes the

accumulation of the liquid phase in low-lying or ascending sections, causing local blockages and

triggering slug flow.

Before proceeding to the prediction tasks, the hyperparameters of the nine machine learning models

were rigorously optimized based on the strategy described in Section 4.11. The specific search ranges and

the finalized optimal parameters are summarized in Table 1. All computational experiments were conducted

in a Python 3.9 environment using the Scikit-learn (v1.0.2) library.

The 243 sets of high-fidelity data generated by the simulations are utilized as the training and testing

database for machine learning. They are randomly divided into a training set (195 sets) and a testing set
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(48 sets) at an approximate ratio of 4:1. The nine machine learning models mentioned in the previous

chapter are employed for slug flow prediction. The F1 scores and accuracy rates obtained for each model

are shown in Fig. 14. Based on the comparative results, Decision Tree, Random Forest, XGBoost, Logistic

Regression, and Naïve Bayes all achieve both an F1 score and accuracy of 100%, indicating excellent

predictive performance by these five models.

In sharp contrast, the unsupervised K-Means algorithm (serving as a baseline) yielded the lowest

accuracy of 62.96%. This significant performance gap empirically verifies that the slug flow data does not

form distinct, compact clusters in the Euclidean space. Instead, the classification boundaries are highly

non-linear and overlapping, thereby highlighting the necessity of employing supervised learning models

(such as BP NN and XGBoost) to capture these complex mapping relationships.

Table 1: Summary of hyperparameter tuning for machine learning models.

Models Key Hyperparameters Search Range Final Optimal Value

XGBoost

n_estimators, learning_rate,

max_depth, min_child_weight,

subsample, colsample_bytree,

gamma

[100, 200, 300], [0.01, 0.05, 0.1, 0.2],

[3, 5, 7, 9], [1, 3, 5], [0.6, 0.8, 1.0],

[0.6, 0.8, 1.0], [0, 0.1, 0.2]

100, 0.1, 3, 1, 1.0, 1.0, 0

Random Forest

n_estimators, max_depth,

min_samples_split,

min_samples_leaf, max_features,

bootstrap

[100, 200, 300], [None, 10, 20, 30], [2,

5, 10], [1, 2, 4], [‘sqrt’, ‘log2’],

[True, False]

200, None, 2, 1, ‘sqrt’, True

BP Neural

Network

hidden_layer_sizes, activation,

solver, alpha, learning_rate

[(30, 30), (64, 32), (100, 100), (100, 50),

(50, 50, 50)], [‘tanh’, ‘relu’, ‘logistic’],

[‘adam’, ‘sgd’], [0.0001, 0.001, 0.01],

[‘constant’, ‘adaptive’]

(50, 50, 50), ‘relu’, ‘adam’,

0.0001, ‘constant’

Support Vector

Machine
C, kernel, gamma, degree

[0.1, 1, 10, 100], [‘rbf’, ‘linear’, ‘poly’],

[‘scale’, ‘auto’, 0.1, 0.01], [2, 3]
0.1, ‘rbf’, ‘scale’, 2

Decision Tree

criterion, max_depth,

min_samples_split,

min_samples_leaf, max_features

[‘gini’, ‘entropy’], [None, 5, 10, 15,

20], [2, 5, 10], [1, 2, 4],

[None, ‘sqrt’, ‘log2’]

gini’, None, 2, 1, None

K-Nearest

Neighbor
n_neighbors, weights, algorithm, p

[3, 5, 7, 9, 11, 15], [‘uniform’,

‘distance’], [‘auto’, ‘ball_tree’,

‘kd_tree’], [1, 2]

5, ‘uniform’, ‘auto’, 2

Logistic

Regression
C, solver, penalty

[0.01, 0.1, 1, 10], [‘liblinear’, ‘lbfgs’],

[‘l2’]
0.1, ‘lbfgs’, ‘l2’

Naïve Bayes var_smoothing [1⋅e−9, 1⋅e−8, 1⋅e−7, 1⋅e−6, 1⋅e−5] 1⋅e−9

K-Means n_clusters, init [2], [‘k-means++’, ‘random’] 2, ‘k-means++’

To test the model’s predictive capability for unknown, non-preset operating conditions, the research

randomly generated 108 new sets of operating conditions within the continuous value ranges of the

aforementioned factors (e.g., temperature 80–150
◦
C). The parameter combinations of these new conditions

did not appear in the previous training set, thus constituting an independent test set that more closely

resembles the continuously varying scenarios of actual operation., 108 sets of new operating conditions

outside the physical model database are randomly generated for prediction, with temperature ranging from

80–150
◦
C, water cut from 40%–90%, liquid flow rate from 100 t/d–300 t/d, gas-liquid ratio from 3–15, and

pipeline inclination angle from 5
◦
–15

◦
. The prediction results are compared with the detailed simulation

results of the physical model. As shown in Fig. 15, the XGBoost and BP neural network models achieve the
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highest prediction accuracy, up to 95%. This indicates that these two models are reliable and can be used

for the rapid and accurate identification of slug flow under different operating conditions.

 
Figure 14: Comparison of evaluation metrics for different machine learning models.

 
Figure 15: Different machine learning prediction models.

5.2 Feature Importance Analysis and Mechanistic Verification

To quantitatively validate the influence of operating parameters on slug flow formation, feature

importance scores were extracted from the optimized ensemble learningmodels (Random Forest and XGBoost).

As shown in Fig. 16, the data-driven analysis provides a comprehensive ranking of the five factors:
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Figure 16: Normalized feature importance ranking of the five operating parameters derived from the optimized

ensemble learning models.

(1) Gas-Liquid Ratio (GLR) is identified as the most critical factor (Score: 0.364). This confirms that the

gas phase kinetic energy is the primary driver for interfacial shear stress. A higher GLR intensifies the

Kelvin-Helmholtz instability, serving as the direct hydrodynamic trigger for liquid film instability and

slug initiation.

(2) Water Cut ranks second (Score: 0.201). As analyzed in Section 2, the variation in water cut significantly

alters the mixture’s effective viscosity and density. An increase in viscosity enhances the stability of

the liquid film, thereby modulating the wave growth rate and the flow pattern transition threshold.

(3) Liquid Flow Rate ranks third (Score: 0.135). Physically, the superficial liquid velocity determines the

basic liquid holdup in the pipeline. A sufficient liquid volume is the structural prerequisite for the

liquid film to bridge the pipe cross-section, forming the body of stable liquid slugs.

(4) Inclination Angle ranks fourth (Score: 0.085). The pipe inclination determines the gravitational

component acting along the flow direction. This force directly influences the liquid accumulation and

drainage rates at the pipe bottom, acting as a crucial boundary condition that shifts the transition

boundaries between stratified and slug flow.

(5) Temperature ranks fifth (Score: 0.082). While its direct weight is lower, it functions by altering fluid

physical properties (PVT behavior). Variations in temperature affect gas density and liquid viscosity,

which indirectly modify the friction factors and phase distribution, serving as a thermodynamic

constraint on the flow system.

In summary, the ML model’s statistical ranking aligns perfectly with the sensitivity trends observed

in the simulation experiments (in Section 5.1), verifying that the model has successfully captured the

underlying flow assurance mechanisms.

5.3 Generalization Capability Analysis and Overfitting Discussion

A significant performance divergence was observed between the internal test set (Fig. 14) and the new

external operating conditions (Fig. 15). While models like Decision Tree achieved perfect scores (100%) on

the initial 48-sample test split, their performance degraded significantly on the 108 new conditions.

This discrepancy highlights a critical mechanism of overfitting to the grid-based data structure. Since

the training dataset was generated using discrete grid sampling (e.g., fixed temperatures of 80
◦
C, 120

◦
C,

150
◦
C), the Decision Tree constructed rigid, step-like decision boundaries that effectively “memorized”
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these specific grid points. Consequently, it achieved perfect scores on the initial test split—which followed

the same grid distribution—but failed to generalize when predicting continuous, off-grid values (e.g., 105
◦
C)

in the external dataset.

In contrast, XGBoost and BP Neural Network maintained high accuracy (95.2%, 83.3%) on the external

dataset, demonstrating superior generalization. This robustness is attributed to their advanced regularization

mechanisms that enforce smoother decision boundaries:

(1) XGBoost: It employs a regularized objective function that explicitly includes a complexity penalty

term. This prevents the model from fitting high-frequency variations or steps between grid points.

(2) BP Neural Network: By learning global non-linear mapping relationships through distributed weights,

it captures the continuous trend of physical laws rather than isolating local rules.

Thus, despite the “perfect” internal scores of simpler models, XGBoost and BP NN are confirmed as

the most reliable tools for practical engineering applications where operating conditions vary continuously.

6 Conclusion

This study conducts a systematic analysis of how slug flow develops in oil-gas-water multiphase

pipelines, and constructs a forecasting framework built on a BP-based network. Through inquiry and

evaluation, the key findings outlined below are summarized:

(1) Factors including elevated temperature, higher water cut, lower liquid flow rate, larger gas-liquid ratio,

and risen upward pipeline inclination are all found to significantly enhance flow instability, thereby

promoting the formation of slug flow.

(2) Through a comparison of the forecasting outcomes of nine machine learning frameworks, it is found

that Decision Tree, Random Forest, XGBoost, Logistic Regression, and Naive Bayes all reach an F1

score and precision of 100%—this shows that these models perform exceptionally well in forecasting

on the test dataset.

(3) When 108 entirely new operating conditions outside the original physical model database are randomly

generated for prediction and compared against detailed physical simulations, the BP Neural Network

models are identified as achieving the highest prediction accuracy, reaching 95%.

(4) A critical evaluation of model generalization reveals that although simple models (e.g., Decision Tree)

achieved perfect scores on the internal test set, this was a result of memorizing the discrete training

grid, leading to poor performance on continuous external datasets. Conversely, XGBoost and BP Neural

Network demonstrated superior robustness (95.2%, 83.3%). Their inherent regularization mechanisms

successfully prevented overfitting, enabling them to capture the underlying continuous physical laws

of slug flow formation.

In summary, this research not only deepens the understanding of slug flow formation mechanisms but

also provides a complete technical pathway from high-fidelity simulation to rapid prediction. This holds

significant theoretical importance and practical engineering value for ensuring the safe, stable, and efficient

operation of oil and gas gathering and transportation pipelines. To further refine this pathway for complex

real-world environments, a hybrid field-correction strategy is proposed for future implementation. By

utilizing high-quality field measurements to calibrate the pre-trained models, systematic simulator-induced

biases can be effectively rectified. This evolution from “simulation-driven” to “field-calibrated” intelligence

will ensure the highest reliability for future engineering deployments.
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