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This study explored the integration of machine learning regression models with a microwave
transmission line sensor for estimating liquid volume fraction and liquid flowrate in wet gas
flows. Under low liquid loading conditions (gas volume fraction 95-99.9%), four models:
Bruggeman, support vector regression, Gaussian process regression, and random forest
regression were evaluated. Random forest regression delivered the best tradeoff between
accuracy, robustness, and computational efficiency, achieving a relative absolute error of
2.23% for liquid volume fraction and approximately 5% for liquid flowrate, with a
Durbin—-Watson statistic of 2.02 indicating minimal residual autocorrelation. Feature
importance analysis identified the mixture dielectric constant as the dominant predictor
(approximately 97% contribution), while other dimensionless parameters had a limited
impact. Support vector regression failed to generalize, and although Gaussian process
regression showed slightly higher accuracy, its computational cost limited real-time
applicability. Overall, random forest regression combined with microwave sensing offers a
scalable, nonintrusive solution for wet gas metering, with future validation needed under
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industrial hydrocarbon—-water conditions and liquid loading flow regimes.
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1 Introduction

Accurate measurement of liquid fraction in wet gas flows is
critical in oil and gas, petrochemical, and related industries, where
even small errors can significantly affect production optimization,
flow assurance, and resource allocation. Wet gas refers to a two-
phase flow in which the gas volume fraction (GVF) typically
exceeds 95%, which is common in production and transportation
systems. Its liquid volume fraction (LVF) is a key parameter for
process control, allocation metering, and corrosion monitoring. In
industrial practice, wet gas is often characterized using the
Lockhart-Martinelli parameter Xy <0.3 or by GVF exceeding
95%, as adopted in ISO/TR 12748 and widely accepted in the oil and
gas sector.

Despite its importance, wet gas measurement remains challeng-
ing due to the complex interaction of phases, the wide range of
possible flow regimes, and the influence of environmental and
operational conditions such as pressure, temperature, salinity, and
fluid composition. Traditional measurement techniques often face
tradeoffs between accuracy, cost, safety, and ease of deployment.
Microwave sensing has emerged as a promising nonintrusive
approach for LVF detection, leveraging the sensitivity of electro-
magnetic waves to changes in the dielectric properties of multiphase
mixtures. By monitoring phase shift and amplitude attenuation,
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microwave sensors can infer the dielectric constant of the mixture,
which correlates with phase fractions. However, despite their
potential, microwave-based systems still face limitations such as
noise sensitivity, environmental variability, and calibration
complexity.

Recent advances in data-driven modeling, particularly machine
learning (ML), offer new opportunities to address these challenges.
ML algorithms can learn complex, nonlinear relationships between
sensor outputs and flow parameters, enabling improved calibration,
compensation for environmental effects, and enhanced robustness
under dynamic conditions. This study investigates the integration of
microwave sensing with three ML models: Support vector
regression (SVR), Gaussian process regression (GPR), and random
forest regression (RFR) for accurate, real-time LVF detection in wet
gas flows. The objectives are to evaluate the predictive performance
of these ML models using microwave-derived dielectric properties
and dimensionless flow parameters, identify the most effective
model for improving LVF measurement accuracy and robustness,
and demonstrate the potential of the integrated approach for
scalable, field-deployable wet gas measurement.

2 Literature Review

2.1 Liquid Content Measurement Techniques. A variety of
techniques have been developed for wet gas measurement, each with
distinct strengths and limitations. Electrical capacitance/conduct-
ance impedance (ECI) methods offer strong temporal resolution but
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suffer from low spatial resolution, noise susceptibility, and frequent
calibration requirements [1]. Gamma-ray attenuation systems can
achieve =5% accuracy but are costly and require strict radiation
safety measures. Optical methods, such as laser-based and fiber-
optic sensors, provide high precision and nonintrusiveness but are
sensitive to contamination and require careful alignment [2].

Microwave-based techniques have emerged as promising alter-
natives for phase fraction detection. The transmission—reflection
method examines signal changes across the flow but requires precise
calibration and frequency-specific optimization [3]. Doppler-based
systems measure velocity changes due to phase motion with
accuracies of £10%, but are limited by noise and environmental
sensitivities such as salinity, condensate, and turbulence [4].
Microwave tomography reconstructs cross-sectional flow images
with =5% accuracy but demands complex setups and robust sensor
arrangements [5]. Two principal microwave measurement
approaches are widely applied: the resonant cavity method and the
transmission line method. The resonant cavity approach detects
shifts in resonant frequency due to dielectric property changes;
however, its accuracy can degrade at high liquid content, leading to
measurement uncertainty [3,6]. In contrast, the transmission line
method monitors phase and amplitude variations along a trans-
mission line in contact with the flowing mixture, offering enhanced
reliability under high liquid content conditions and supporting
continuous, real-time monitoring across a wide range of flow
regimes [7,8]. Table 1 below summarizes the main wet gas
measurement techniques, highlighting their operating principles
and typical accuracy.

Several studies have demonstrated the potential of microwave
sensing for LVF measurement. Tayyab etal. [9] developed a
noninvasive microwave sensor for dielectric constant estimation in
multiphase oil flows, achieving *10% accuracy but with sensitivity
to phase composition and dynamic conditions. Sabzevari etal. [10]
applied ultrawideband synthetic aperture radar (UWB-SAR) for
multiphase flow monitoring, achieving a maximum error of 3.8%
but still facing environmental interference issues. Other work has
targeted specific applications, such as offshore natural gas fields
[11,12] gas bubbles in liquids [13], and water-liquid ratio sensing
[14], but limitations persist in handling varying compositions,
pressures, and temperatures. Broader applications of microwave
sensors have been explored for environmental monitoring
and material diagnostics [7], yet challenges such as sensitivity to
salt content, temperature, liquid density, and multipath effects
remain.

2.2 Machine Learning Applications in Wet Gas and Two-
Phase Flow Measurement. Traditional models for LVF estimation
often struggle with dynamic flow regimes, environmental variabil-
ity, and sensor noise. To address these limitations, researchers have
increasingly turned to ML techniques, particularly RFR, SVR, and
GPR, to enhance predictive accuracy and robustness.

Random forest regression has shown strong capability in handling
nonlinear relationships and high-dimensional datasets. Hosseini
etal. [15] applied RFR to wet gas flow modeling, achieving superior
performance over empirical models in predicting LVF under
varying gas compositions and flow rates. SVM has been used for
both classification and regression in multiphase systems; Zhang and
Xia [16] combined RS-SVM classifiers with genetic algorithm-
optimized neural networks to estimate water content in oil-water
mixtures, achieving high accuracy even in noisy conditions. GPR
offers a probabilistic regression framework ideal for uncertainty
quantification; Lin etal. [5] integrated GPR with microwave and
Venturi sensor data to estimate oil-water flow rates with high
precision across varying salinity and temperature. Table 2
summarizes key ML applications in wet gas and multiphase flow
contexts.

Collectively, these studies underscore the versatility of RFR,
SVR, and GPR in modeling fluid dynamics and validate their
integration with microwave sensor data for enhanced wet gas
metering.
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2.3 Measurement Research Gap and Objectives. While
conventional wet gas measurement techniques and microwave-
based sensing methods have advanced significantly, they still face
persistent challenges related to calibration complexity, environ-
mental sensitivity, and reduced accuracy under varying flow
regimes. ML models have demonstrated strong potential to address
these issues, yet their integration with microwave sensing for LVF
detection in wet gas remains limited. Few studies have systemati-
cally compared RFR, SVR, and GPR using identical experimental
datasets, and even fewer have assessed their robustness across a
wide range of flow regimes and environmental conditions.

This study addresses the identified gaps by developing and
evaluating an integrated microwave—machine learning (ML) frame-
work for LVF detection in wet gas flows, combining advanced
sensing techniques with data-driven modeling to improve measure-
ment accuracy, enhance robustness under low liquid loading flow
conditions, and reduce environmental sensitivity. The work
specifically aims to develop a microwave sensing framework for
LVF detection in wet gas; train and test RFR, SVR, and GPR models
using dielectric and dimensionless flow parameters; compare the
models in terms of accuracy, robustness, and suitability for real-time
application; identify the most effective model for integration with
microwave sensing; and demonstrate the scalability and non-
intrusive applicability of the integrated approach for industrial wet
gas metering.

3 Materials and Methods

This section presents the integrated methodology for estimating
liquid volume fraction (LVF) in wet gas flows using a microwave
transmission line sensor and machine learning regression. The
sensor system, illustrated in Fig. 1, operates at 2.7 GHz and captures
dielectric variations through phase shift and amplitude attenuation.
Both Bruggeman and Maxwell models were jointly applied to
replicate and interpret experimental data from wet gas flows with
GVF ranging from 95% to 99.9%. The reconstructed dielectric
constants were used to calculate LVF via the Bruggeman model.
This performance was further enhanced through the integration of
machine learning regression models.

3.1 Theoretical Models and Sensor Architecture. The two
theoretical models are essential for interpreting microwave sensor
data: the Bruggeman model, which estimates the effective dielectric
constant of mixtures, and the Maxwell framework, which describes
the propagation of electromagnetic waves through lossy media.
Together, these models facilitate the reconstruction of the dielectric
constant of wet gas and its conversion into Liquid Volume Fraction
(LVF) under conditions of low liquid loading flow [7].

3.1.1 Maxwell Electromagnetic Wave Propagation
Framework. In this study, Maxwell’s equations were applied as
the theoretical basis for processing the microwave sensor measure-
ments and quantifying the propagation of electromagnetic waves
through the wet gas mixtures tested. In the context of wet gas flows,
microwave sensors exploit these principles to detect variations in
dielectric properties by measuring phase shifts and amplitude
attenuation of the transmitted signal. These variations are directly
related to the complex dielectric constant of the gas—liquid mixture
[3]. For a sinusoidal plane wave propagating through a lossy
dielectric medium, the electric field can be expressed as

E(x) = Ege ™™ = Ege¥¥e7k' (1)
where k = k' — jk” is the complex propagation constant, @ is the
angular frequency, u is the magnetic permeability, and ¢* = &' — j&”
is the complex dielectric constant of the medium. From Maxwell’s

wave equation, the propagation constant is related to the electro-
magnetic properties of the medium by

K = o’ ue* )
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Microwave sensors measure two key quantities: the phase shift (Af) ~ From the measured phase shift A0 (radians) and attenuation A6 (dB),
and the attenuation (AA), which are linked to the real k' and the real f and imaginary o« components of the propagation constant
imaginary k” components of the propagation constant, respectively — are extracted, allowing the effective dielectric constant of the
mixture to be reconstructed as
A0 = —8.680x = —8.68k"x 3) ,

AA = px = Kx ) G = é (8> =) ©)

Table 1 Summary of wet gas measurement techniques and their characteristics

Method Principle/application focus Accuracy References
Electrical capacitance/conductance Measures changes in capacitance/conductance *+5-10% [1]
impedance (ECI) due to dielectric property variations in gas—liquid mixtures

Gamma-ray attenuation Uses gamma radiation attenuation to infer phase fractions *5% [12]
Optical (laser/fiber-optic) Detects light scattering/reflection from dispersed phases *2-5% [2]
Microwave transmission—reflection Measures phase shift and attenuation of microwaves passing through the flow. *+5-10% [8]
Microwave Doppler shift Detects frequency shift from moving phases. *10% [3]
Microwave tomography Reconstructs cross-sectional images from multiple microwave paths. *5% [4]
Microwave resonant cavity Monitors resonant frequency shifts due to dielectric changes in the cavity. *+5-10% [5,6]
Microwave transmission line Tracks phase/amplitude changes along a transmission line in contact with the flow *5% [7.8]

Table2 Summary of ML models in wet gas/multiphase flow measurement

ML model Application focus Key metrics References
RFR, SVR, GPR Wet gas flow rate prediction using dielectric and flow-derived features RMSE =0.011 (RFR) [15]
SVM, GPR Multiphase flow rate estimation from time-series ultrasonic/microwave data RMSE < 0.02 (GPR) [20]
SVR Predicting liquid/gas flow rates from pressure, temperature, and velocity MSE =0.0169 (liquid) [19]
RFR, GPR Blockage prediction in multiphase flow. Accuracy > 95% [22]
SVM + GA-NN ‘Water content estimation in oil-water mixtures Accuracy > 90% [16]
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Fig.1 Structure of the microwave transmission line sensor
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where § = k', 0 = k" The reconstructed &;x is subsequently used as
an input to the Bruggeman model for estimating the liquid volume
fraction (LVF) in wet gas flows.

3.1.2 Bruggeman Model for Liquid Volume Fraction
Estimation. In this study, the Bruggeman effective medium theory
was applied to estimate the dielectric constant of wet gas mixtures
from measured dielectric properties and phase volume fractions.
The method was suited to the mist-flow conditions tested, where low
liquid loading allowed the mixture to be treated as statistically
homogeneous [6]. Originally developed for composite and porous
media [17], it was here adapted to link microwave-measured
dielectric constants to liquid volume fraction in wet gas metering
[7,18] as expressed in Eq. (1).

In this work, the Bruggeman effective medium model was
formulated and implemented to determine the liquid volume
fraction (LVF) in wet gas flows from microwave sensor measure-
ments. The gas phase (&) and liquid phase (¢;) were treated as
dispersed within a statistically homogeneous mixture, enabling the
measured effective dielectric constant (epix) to be related directly to
LVF and the gas volume fraction (GVF =1 —LVF). The
formulation assumed that each phase was embedded in the effective
medium and contributed to the overall polarization. For the two-
phase gas—liquid system tested, the general Bruggeman equation
was applied as

. & — €mix
&+ L(emix — &)

Sg — Emix

(1-LVF).—=% ™%
&g + L(gmix — &)

+LVF =0 (6)

where L is the geometric (depolarization) factor, taken as 1/3 for the
spherical droplet assumption. The value of &y;x was obtained
experimentally from the microwave sensor, and Eq. (1) was inverted
to estimate LVF. Under the wet gas flow condition of this study,
which is characterized by a statistically homogeneous distribution of
spherical droplets [7,16], the LVF was computed using the closed-
form expression

LVE = 1 — & — Emix . bfg 173 (7)
& — & Emix

This closed form was implemented in the data-processing workflow
for real-time LVF estimation in low liquid loading conditions. For
tests involving saline or conductive liquids, the dielectric constant
was corrected for conductivity effects using

& =¢ —jlo/w) (8)

where ¢ is the electrical conductivity and w = 2xf is the angular
frequency. Pressure effects were also incorporated by adjusting &,
for pressure-dependent gas density and dielectric behavior, follow-
ing the pressure-compensated Bruggeman formulation [7]

1/3
LVE(P) = (s’ — i 88(P)> ©)

& — 6g(P) Emix

Once LVF was determined, the corresponding liquid flowrate Q;
was calculated from the measured total two-phase flowrate Q,, as

& — Emix &g

1/3
;) } 0, (10)

This implementation assumed isotropic phase distribution and
neglected interfacial effects, which may reduce accuracy in
stratified or slug flows. Nevertheless, the model’s symmetry,
closed-form solution, and low computational cost made it well-
suited for the real-time sensing requirements of the wet gas pipeline
tests conducted in this study [9].

0, =LVF-Q, = |:1 - (

& — &
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3.2 Machine Learning Regression Model. To extend liquid
volume fraction (LVF) estimation beyond the analytical framework
outlined in Sec. 3.1, this study integrated microwave sensor
measurements with three advanced regression models: RFR, SFR,
and GPR. Each model was independently trained and tested to assess
its predictive performance and suitability for wet gas applications.
This integration was designed to exploit the complementary
strengths of the algorithms, RFR’s robustness to noise and ability
to model complex feature interactions [15], SVR’s suitability for
precise fitting on limited datasets [8], and GPR’s inherent capability
for uncertainty quantification, enabling the model to capture
complex, nonlinear relationships between sensor-derived features
and LVF [19]. The following subsections describe the physics-
informed feature set, model training procedures, and performance
evaluation metrics.

3.2.1 Input Feature Selection and Engineering. The machine
learning models were trained on six physics-informed features that
collectively represent both electromagnetic and hydrodynamic
characteristics of wet gas flow

f(&¢/%1, émix- Rej, Reg, We, S ) (11)
The wet gas dielectric constant &yix, was obtained from phase shift
and amplitude attenuation measurements obtained via a microwave
transmission line sensor. The sensor output was calibrated against
the known dielectric constants of the pure liquid & and gas &, phases.
The ratio ¢, /¢ quantifies the dielectric contrast between the carrier
gas and dispersed liquid. Hydrodynamic conditions are expressed by
the liquid and gas Reynolds numbers, (Re;, Re,), calculated from
phase-specific volumetric flow rates, densities and viscosities to
reflect inertial viscous force balances. The Weber number, We is
derived from phase velocity, fluid density, characteristic droplet
diameter and surface tension to characterize interfacial dynamics.
Finally, the slip ratio, S estimated the dispersed-phase velocity
divided by the carrier-phase velocity, accounts for phase-slip
effects. These features formed the independent variable set for all
three regression frameworks. The target LVF was also expressed in a
Bruggeman-based form
LVF = f(&,/¢/, émix> Rer, Reg, We, S (12)
where A,= 1/3 for spherical droplets, consistent with mist-flow
observations (GVF 95-99%).

3.2.2 Model Functions, Training, and Hyperparameter
Tuning. All models were trained and tested using the same dataset
and split ratio. The dataset was randomly partitioned into 70%
training, 20% validation, and 10% testing subsets to ensure robust
model development and unbiased performance evaluation. Hyper-
parameters were optimized using a grid search with fivefold cross-
validation, minimizing root mean squared error (RMSE) on the
validation set while monitoring R*, mean absolute percentage error
(MAPE), and the Durbin—Watson statistic for residual independ-
ence. Final models were retrained on the combined training with
validation data before evaluation on the held-out test set.

Support vector regression implemented with an RBF kernel to
capture nonlinear relationships. The e-insensitive loss function-
controlled tolerance for prediction errors. Hyperparameters C, ¢, and
y were tuned over defined search ranges, with the optimal set
selected based on the lowest cross-validated RMSE. The SVR
prediction function is

LVFsve(x) = > (o — o) K(x.x1) + b (13)
where K (x, x;) is the RBF kernel function, «;, o} are support vector
coefficients, b is the bias term, and N refers to the number of support
vectors. However, RFR modeled LVF as an ensemble of decision
trees trained on bootstrap samples with random feature selection at
each split. Hyperparameters tuned included the number of trees
(Mestimators ), maximum depth, minimum samples per split/leaf, and
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maximum features per split. Selection criteria included out-of-bag
error and validation RMSE. The RFR prediction function is

1 M
LVFgr(x) = o > Tu(x) (14)
m=1

where M is the number of trees and 7}, (x) is the prediction from the
mth tree. Consequently, by using the same dataset and split ratio,
GPR was applied with a probabilistic regression model with an
automatic relevance determination (ARD) Matérn-5/2 kernel for
smooth nonlinear regression and uncertainty estimation. Hyper-
parameters (length-scales /;, signal variance afz-, noise variance oﬁ)
were tuned by maximizing the log-marginal likelihood with
multiple starters. The GPR predictive mean is

LVFqpr (x.) = k] [K +021] "y (15)
where K is the covariance matrix of training inputs, k. is the
covariance vector between x, and the training set, and aﬁ is the noise
variance.

3.3 Data Collection and Feature Computation. All experi-
ments were conducted at the multiphase process engineering (PSE)
Laboratory, Cranfield University, using an industrial-scale horizon-
tal multiphase flow rig designed for controlled wet gas testing. The
facility comprises independent gas and liquid supply loops, enabling
precise adjustment of phase flow rates, pressures, and temperatures.
Compressed air from the gas loop and water from the liquid loop
were combined at the test section inlet to generate wet gas mixtures
with GVF ranging from 95% to 99.9%, covering stratified to mist
flow regimes. The test section was constructed using a stainless-steel

representative flow dynamics for field-scale applications. Figure 2
illustrates the setup of the test rig in the PSE lab.

A 2.7GHz microwave phase fraction sensor (Analog Devices
Inc., Wilmington, MA) was installed in the test section to provide
nonintrusive, real-time measurements of the mixture’s electro-
magnetic properties. The sensor was integrated with an RF signal
processor to record the phase shift (A0) and amplitude attenuation
(AA) at a sampling rate of 60 samples/min. These raw measurements
were synchronized with auxiliary instrumentation, including
Coriolis mass flow meters for each phase, differential pressure
transducers, and temperature sensors, ensuring complete character-
ization of the flow conditions.

Prior to multiphase testing, baseline calibration was performed by
circulating each pure phase separately through the test section to
determine the dielectric constants of the pure gas (&,) and pure liquid
(&) phases. These reference values were later used to normalize
dielectric measurements and compute the dielectric contrast ratio
(&5/€1).

For each test point, the gas and liquid flow rates were set to
achieve the target superficial velocities (Ug, U;), along with
specified pressures and temperatures, and the resulting flow regime
was confirmed visually via the sight glass section and supported by
pressure drop signatures. The microwave sensor outputs (A0, AA)
were converted to the mixture dielectric constant (&mix) using the
Maxwell-based reconstruction described in Sec. 2.1.

Fluid properties such as densities (p,, p;), viscosities (f,, 1), and
surface tension (o) were determined at operating conditions using
standard thermophysical correlations. From the measured and
derived quantities, dimensionless parameters were calculated for
each run to characterize flow dynamics and support model
generalization. These included the liquid Reynolds number

> . . . . _ pUub _ pUD
flow pipe with an internal diameter of 50.8 mm, ensuring (Rey = m ), gas Reynolds number (Re, = I ), gas Weber
Gas Flow Loop Gas Phase ;
Flowmeter Air
Compressor
T T  Test Section T !
[} .
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[} .
» T E @ :
Mixer s [ b | A
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IR '
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%ﬁTT | é ><
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Liquid Phase L
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Fig.2 Experimental setup of microwave sensor for liquid fraction detection in the multiphase flow lab
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The experimental setting in Sec. 3.3 was conducted under
controlled laboratory conditions, with pressures of 1.2-25 bar(a) and
temperatures of 2040 °C, using air—water mixtures. While these
conditions aimed to replicate stratified and mist flow regimes, they
do not encompass the full range of industrial wet gas scenarios.
High-pressure/high-temperature environments, saline liquids, crude
oil-water mixtures, and varying gas compositions were not
included, all of which can influence dielectric behavior and flow
stability.

~), and slip ratio (§ = Z—f). Here, D is internal

4 Results

This section presents the results of liquid fraction detection in wet
gas flows using microwave sensors and machine learning models.
Experimental data collected under a stratified and mist flow regime
were analyzed using both analytical and data-driven approaches.
The Bruggeman model provided baseline LVF estimates from
dielectric measurements, while machine learning models, SVR,
GPR, and RFR, were trained to enhance prediction accuracy.

4.1 Liquid Fraction Based on the Bruggeman Model. The
Bruggeman model was applied to estimate the LVF from microwave

0.05 2
0.04 A7
0.03

0.02 a

Experimental/Calibration Liquid Volume Fraction (LVF)
»>
| 3
=
| 3

0.01 4"
0.01 0.03 0.04 0.05

0.02 )
LVF Determined by Microwave-Bruggeman Model (LVF_MW)

A LVFMW  sees Symmetric Line
Relative Absolute Error (+20%)

Fig. 4 The correlation of LVF based on the Bruggeman model
(LVF_MW) with the calibration liquid volume fraction (LVF)
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sensor data, using phase shift (Af) and amplitude attenuation (AA) to
derive the mixture dielectric constant (&yix). This analytical
approach provided a baseline for evaluating the sensor’s capability
in detecting liquid content in wet gas flows.

As shown in Fig. 3, the relative absolute error (RAE) for LVF
detection using the Bruggeman model averaged 21.23% across all
test conditions. The LVF values derived from controlled gas—liquid
flow rates were compared with those calculated from microwave
data (LVF-MW), revealing a consistent linear correlation between
LVF_MW and actual LVF and validating the model’s applicability
under stratified and mist flow regimes.

Figure 4 illustrates the correlation between the actual LVF,
determined from reference flowmeter measurements, and the LVF
estimated from microwave sensor data using the Bruggeman model
(LVF_MW). The scatter plot reveals a consistent linear trend across
the mist-flow regime, confirming the sensor’s ability to detect liquid
content in low-liquid-loading (wet gas) without prior calibration. In
addition to LVF estimation, the Bruggeman model was used to
calculate liquid flowrate, with results presented in Fig. 5. A strong
correlation was observed between the flowrate measured by
reference instrumentation and that derived from microwave data,
achieving an average RAE of approximately 10%. This confirms the
model’s utility in quantifying liquid flow under varying gas volume
fractions (GVF), ranging from 95% to 99.9%.

While the Bruggeman model establishes a reliable baseline for
microwave-based LVF detection, its performance is limited under
dynamic and noisy flow conditions. The results in Figs. 3-5 clearly
demonstrate the model’s strengths and limitations, creating a
compelling case for the integration of machine learning models.
Compared to conventional techniques such as electrical capacitance
tomography (ECT), gamma-ray densitometry, and differential
pressure meters, the microwave-based approach demonstrates
comparable or superior correlation performance. While ECT
methods are prone to noise and require frequent recalibration, and
gamma-ray systems pose safety concerns, the microwave sensor
offers a nonintrusive and adaptable alternative.

4.2 Modeling Results and Generalization Performance. As
shown in Table 3 below, the performance of the models was
evaluated using RMSE, R?, MAPE, and the Durbin—Watson
statistic. The GPR model achieved the lowest RMSE of 0.00167
and the highest R?0f 0.99955. However, the RFR model was chosen
for integration with the microwave sensing framework due to its
superior residual independence (Durbin—Watson statistic ~ 2.02),
enhanced robustness to noise, and greater computational efficiency
for real-time applications. GPR’s dependence on covariance matrix
inversion results in higher computational costs and a greater risk of
overfitting in high-dimensional, noisy environments. Additionally,
support vector regression (SVR) exhibited significantly higher
errors, with an RMSE of 0.08264 and MAPE exceeding 450%,
making it unsuitable for this application.

Random forest regression’s ensemble-based approach yielded
stable predictions across the entire mist flow range, achieving a low
mean absolute percentage error (MAPE) of 2.01%. This model also
enabled a thorough feature importance analysis, revealing that the
dielectric constant of the wet gas mixture accounted for approx-
imately 97% of the predictive capability. In contrast, other input
features had minimal contributions, such as the gas Reynolds number
(0.72%), liquid Reynolds number (0.92%), gas Weber number
(0.46%), slip ratio (0.76%), and the dielectric constant ratio (0.01%).

Generalization testing showed that both RFR and GPR main-
tained high accuracy when trained on as little as 50% of the available
data, with only modest increases in RMSE and MAPE. Below this
threshold, performance degradation became more pronounced,
particularly for SVR. Noise-robustness evaluation using Gaussian
perturbations of 1%, 3%, and 5% of feature ranges indicated that
RFR was more resilient than GPR at higher noise levels (> 3%),
consistent with its noise-averaging ensemble structure. GPR
retained an edge in low-noise scenarios but declined more sharply
as noise increased.
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Fig. 5 The correlation of liquid flow rate based on the Brugge-
man model and the calibration liquid flow rate

4.3 Liquid Fraction Estimation Via Random Forest
Regression. The integration of random forest regression (RFR)
with microwave sensing significantly enhanced the accuracy and
reliability of liquid volume fraction (LVF) detection in wet gas
flows. By leveraging ensemble learning, RFR effectively captured
nonlinear relationships between microwave-derived dielectric
properties and flow dynamics, outperforming both Gaussian process
regression (GPR) and support vector regression (SVR) in predictive
performance and operational robustness. The dielectric constant of
the wet gas mixture (&pyix ), measured in real-time by the microwave
sensor, served as the primary input feature, offering a direct and
responsive indicator of phase fraction (low liquid loading).

Random forest regression (RFR) demonstrated robust general-
ization across mist-flow regimes, significantly enhancing the
accuracy of liquid volume fraction (LVF) prediction. As shown in
Fig. 6, the predicted LVF values (LVF_RF) exhibit a strong positive
correlation with experimentally measured liquid fractions, confirm-
ing the model’s reliability and consistency under varying flow
conditions. Building on this, Fig. 7 illustrates the improvement in
liquid flowrate estimation. The RFR-enhanced model reduced the
Relative Absolute Error (RAE) from 10%, as observed with the
Bruggeman baseline model, to below 5%, marking a substantial gain
in predictive fidelity.

The most notable advancement is captured in Fig. 8, where RFR
achieved an average RAE of just 2.23% for LVF prediction. This
represents an order-of-magnitude improvement over the Bruggeman
model, which yielded an RAE of 21.19%. The overall relative
uncertainty of the RFR-integrated microwave sensing system reflects
a sixfold reduction compared to the analytical baseline, underscoring
its superior performance in complex multiphase environments

5 Discussions

The primary objective of this study was to determine whether
integrating microwave sensing with advanced ML regression
models could improve LVF estimation in wet gas flows beyond
the accuracy of established physics-based approaches. The results
confirm that physics-informed, data-driven models can significantly
outperform the Bruggeman dielectric mixing model in mist-flow
regimes, where droplet dispersion, slip effects, and sensor noise
reduce the reliability of purely analytical formulations [9]. The
Bruggeman model remains attractive for its physical interpret-
ability, closed-form computation, and independence from training
data, and in this study, it achieved an average LVF relative absolute
error (RAE) of approximately 21.2% and a liquid flowrate RAE near
10%. However, its simplifying assumptions: spherical droplets,
homogeneous dispersion, and negligible slip limit its applicability
under dynamic, high-GVF conditions, consistent with previous
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Table 3 Performance metrics of machine learning models for
LVF prediction

Performance metric SVR RFR GPR

RMSE 0.08264 0.00509 0.00167
R? —0.16628 0.99559 0.99955
Durbin—Watson 1.06850 2.02286 1.90533
MAPE 450.85% 2.0143% 1.0392%

findings that analytical dielectric models lose accuracy when phase
distributions are unstable [6,12].

By contrast, the ML models, particularly RFR and GPR, learned
complex nonlinear relationships between microwave-derived
dielectric properties and hydrodynamic parameters without impos-
ing restrictive geometric or homogeneity assumptions. This
flexibility allowed them to capture subtle interactions between
flow dynamics and electromagnetic response that the Bruggeman
model could not. In this work, RFR reduced LVF RAE to 2.23% and
liquid flowrate RAE to below 5%, representing an order-of-
magnitude improvement over the physics-based baseline. These
gains are in line with other studies where ML integration with
multiphase sensing has narrowed error margins compared to
empirical or analytical models, especially at high GVF and under
environmental perturbations, as reported in studies such as Hosseini
et al. [15] and Wang et al. [20].

Although GPR achieved the lowest RMSE (0.00167) and highest
R? (0.99955), RFR was ultimately selected for integration with the
microwave sensing framework due to its superior residual
independence (Durbin—Watson ~2.02), robustness to noise, and
computational efficiency in real-time applications. GPR’s reliance
on covariance matrix inversion increases computational cost and
susceptibility to overfitting in high-dimensional, noisy environ-
ments, while SVR exhibited markedly higher errors
(RMSE =0.08264, MAPE >450%), confirming its limited suit-
ability for stochastic dielectric signals in mist-flow regimes. Feature
importance analysis further reinforced the dominance of the
reconstructed mixture dielectric constant (&nyix), wWhich accounted
for over 97% of RFR’s predictive capability. This finding aligns with
electromagnetic theory and is consistent with prior microwave
sensing studies in dilute liquid—gas mixtures, as reported by Liu et al.
[18], Maet al. [8] and Xu et al. [7], who demonstrated that dielectric
permittivity is the most sensitive and reliable indicator of phase
composition in low liquid loading regimes. The relatively minor
contribution of Reynolds numbers, Weber number, slip ratio, and
dielectric constant ratio reflects the limited variability of these
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parameters under the controlled test conditions, though literature
suggests they may become more influential in field environments
with variable fluid properties and regime transitions [12,21]. This
pronounced influence can be attributed to several factors: the
dielectric constant ratio remained constant due to the fixed air—water
composition; mist flow conditions led to significant liquid
dispersion, which diminished hydrodynamic sensitivity; and over-
lapping physical definitions resulted in multicollinearity.
Generalization analysis showed that both RFR and GPR
maintained high predictive accuracy when trained on as little as
50% of the available data, with only modest increases in RMSE and
MAPE, while SVR degraded more rapidly. Noise-robustness
testing, involving Gaussian perturbations of 1-5% to é&pix and
dimensionless features, revealed that RFR was more resilient than
GPR at higher noise levels (>3%), consistent with the ensemble
model’s inherent noise-averaging properties. GPR retained a slight
advantage in low-noise scenarios but declined more sharply as noise
increased. These findings align with prior reports that ensemble
methods offer superior robustness to measurement variability and
environmental disturbances in multiphase metering [15,22].
Overall, the results demonstrate that while the Bruggeman model
remains a valuable, fast, and interpretable baseline, its structural
assumptions constrain accuracy in complex, high-GVF wet gas
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flows. Physics-informed RFR not only meets but exceeds the study’s
objective by delivering accurate, stable, and interpretable LVF
estimates across the full mist-flow range, scaling efficiently for real-
time processing, and maintaining performance under reduced
training data and noisy measurement conditions. These attributes,
combined with scalability and operational resilience, make RFR a
strong candidate for integration into industrial wet gas metering
systems, with the potential to reduce calibration requirements and
improve reliability in challenging field environments.

6 Limitations

While the results demonstrate the strong potential of integrating
Random Forest Regression with microwave sensing for accurate
LVF and liquid flowrate estimation, several constraints remain. The
use of air—water mixtures, though replicating key dielectric
contrasts, does not capture the full thermodynamic, compositional,
and phase-behavior complexities of hydrocarbon—water systems,
including effects of gas compressibility, condensates, salinity, and
temperature gradients. Tests were limited to a fixed pipe diameter,
moderate pressures (1.2-25 bar(a)), and temperatures (20—40° C),
which may affect scalability, so scaling to larger diameters, higher
pressures, or more variable thermal environments may introduce
additional uncertainties. Sensor performance was assessed mainly in
stratified and mist-flow regimes, leaving slug, churn, and annular
flows unexamined. Finally, model generalization to industrial
conditions depends on training data representativeness, calibration
stability, and robustness under higher noise and more complex flow
compositions. Addressing these gaps through field trials, broader flow
regime coverage, and adaptive or hybrid modeling will be essential
for reliable deployment in diverse wet gas metering applications.

7 Conclusions

This study demonstrated that integrating microwave sensing with
machine learning regression models significantly improves the
estimation of liquid volume fraction (LVF) and liquid flowrate in
wet gas flows. Comparative evaluation of the Bruggeman dielectric
mixing model with Support Vector Regression (SVR), Gaussian
Process Regression (GPR), and Random Forest Regression (RFR)
under mist-flow conditions (GVF 95-99.9%) revealed that RFR
offers the best balance of accuracy, robustness, and computational
efficiency. RFR achieved a Relative Absolute Error (RAE) 0f 2.23%
for LVF and approximately 5% for liquid flowrate, with minimal
residual autocorrelation (Durbin—Watson =~ 2.02). Feature impor-
tance analysis confirmed the reconstructed mixture dielectric constant
(eémix) as the dominant predictor, contributing over 97% to model
accuracy, while other dimensionless parameters had negligible
influence. SVR failed to generalize effectively, and although GPR
exhibited slightly higher accuracy, its computational demands and
sensitivity to noise limited its suitability for real-time deployment.

Integrating Random Forest Regression (RFR) with microwave
sensing offers a scalable, nonintrusive solution for accurate wet gas
metering. By reducing LVF estimation error from ~21% (Brugge-
man model) to 2.23% and liquid flowrate error from ~10% to < 5%,
the framework meets industrial standards for allocation metering,
corrosion monitoring, and flow assurance. Its robustness to limited
training data and sensor noise makes it ideal for subsea and remote
deployments. The results underscore the effectiveness of physics-
informed ML models for multiphase flow diagnostics. Future research
should validate the approach under industrial conditions, including
hydrocarbon—water mixtures, elevated pressures, and broader
temperature ranges and extend flow regime coverage to slug, churn,
and annular patterns. Field trials and adaptive calibration strategies,
including hybrid physical ML frameworks, may further enhance
generalization across high-GVF, low-liquid-loading scenarios.
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Nomenclature

D = internal diameter of flow pipe, m
f = frequency of microwave signal, Hz
k = complex propagation constant k" — jk”, 1/m
K (x,x;) = Kernel function in SVR
k" = real part of propagation constant (attenuation), 1/m
k" = imaginary part of propagation constant (phase shift), 1/m
L = geometric factor (assumed 1/3 for spherical droplets),
dimensionless
M = number of trees in RFR ensemble
Q; = liquid flow rate, m>/s
Oy = total two-phase flow rate, m3/s

R? = coefficient of determination
Re; = liquid Reynolds number, dimensionless
Re, = gas Reynolds number, dimensionless
S = slip ratio (gas velocity/liquid velocity), dimensionless
T,,(x) = prediction from m™ tree in RFR
We = Weber number, Dimensionless
Xx* = test input vector in GPR prediction
GVF = gas volume fraction (1 — LVF), dimensionless
LVF = liquid volume fraction, dimensionless
MAPE = mean absolute percentage error, %
MSE = root mean squared error
o = electrical conductivity of the liquid, S/m
1 = magnetic permeability, H/m
= angular frequency (27f), rad/s
&, = dielectric constant of the gas phase, dimensionless
¢ = dielectric constant of the liquid phase, dimensionless
emix = effective dielectric constant of the gas—liquid mixture,
dimensionless
¢* = complex dielectric constant & — j&’, dimensionless
A0 = phase shift of microwave signal, radians
AA = amplitude attenuation, dB
py = gas density, kg/m?
p; = liquid density, kg/m®
U, = gas dynamic viscosity, Pa-s
u; = liquid dynamic viscosity, Pa-s
U, = superficial gas velocity, m/s
U, = superficial liquid velocity, m/s
o;, 0f = support vector coefficients in SVR
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