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Abstract 

Accurately determining pure liquid density in three-phase (oil–water–gas) flow systems remains a major challenge in 

oil and gas production. Conventional methods, such as dual gamma meters, provide reliable measurements but are 

costly, require regulatory compliance, and involve radiation risks. This study proposes a physics-informed machine 

learning framework that estimates pure liquid density by first predicting the Water Liquid Ratio (WLR) using only 

Coriolis mass flow meter measurements and laboratory-derived phase densities, eliminating the need for radiation-

based instrumentation. 

A key contribution is the Harmonic Mixture Density Mean Factor (HMDMF), a dimensionless gas-sensitive index that 

captures the deviation between arithmetic mixture density and harmonic mean density, enabling detection of gas-

dominated flow behaviour without direct gas measurement. The dataset consists of 735,034 records collected from 

three Low-Performance Tester units across 26 oil wells in Oman between January and August 2025. Five machine 

learning models were evaluated with and without HMDMF. Without HMDMF, performance was poor (R² ≤ 0.194). 
Incorporating HMDMF improved all models substantially (²ܴ߂ =  +0.70 to +0.79). The best model, Random Forest, 

achieved ܴ² =  0.8943 and ܴܧܵܯ =  0.0854 on test data. Results demonstrate that HMDMF is the primary driver of 

predictive accuracy, providing a cost-effective, radiation-free alternative for well-test measurements.. 

 

Keywords: Coriolis meter; multiphase flow; machine learning; water liquid ratio; pure liquid density estimation; 

petroleum production 

 

1. Introduction 

In oil and gas field operations, well testing is an essential process for characterising reservoir performance and 

optimising production. A well test yields real-time measurements of fluid properties across a three-phase flow system 

comprising oil, water, and gas, and the resulting data underpin decisions regarding production management, field 

development, and operational efficiency. Accurate knowledge of individual phase fractions—most critically the Water 

Liquid Ratio (WLR) and, by extension, pure liquid density—is therefore of direct economic importance. 

Multiphase flow meters (MPFMs) represent the current standard for simultaneous phase-fraction determination. A 

conventional MPFM integrates a Venturi meter for bulk flow rate measurement with a dual gamma meter for phase-

fraction resolution (Fig. 1). While proven in accuracy, dual gamma meter technology carries significant drawbacks: 

high capital and maintenance costs, the requirement for specialised radiation-handling procedures, strict regulatory 

compliance, and calibration complexity. As a result, operators in Oman and across the Gulf Cooperation Council (GCC) 

have increasingly sought non-radiation alternatives. 
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(a) Dual gamma meter (reference technology) deployed at Daleel 

Petroleum 
(b) Coriolis mass flow meter on the LPT liquid line, measuring mixture 

flow rate and density 

Fig. 1. (a) Dual gamma meter (reference technology) deployed at Daleel Petroleum; (b) Coriolis mass flow meter on the LPT liquid 

line, measuring mixture flow rate and density. 

Two-phase separators such as Low-Performance Testers (LPT) offer a complementary architecture in which production 

is separated into gas and liquid streams. The gas line is metered using a vortex meter, while the liquid line employs a 

Coriolis mass flow meter (CMFM; Fig. 1b) to measure mixture flow rate and density. No direct sensor is installed for 

resolving oil and water fractions within the liquid stream. The standard approach relies on combining the Coriolis 

mixture density with laboratory-measured pure phase densities through a volumetric mixing equation. This calculation 

introduces uncertainty when residual gas is entrained in the liquid line, creating a semi-three-phase condition that 

depresses the apparent Coriolis density below its true liquid value. 

Machine learning has proven effective for correcting measurement bias and estimating unmeasured variables in flow 

metering systems, with applications spanning two-phase Coriolis mass flow error correction (Liu et al., 2001; Wang et 

al., 2017), three-phase volume fraction estimation using gamma-ray attenuation and ANNs (Roshani et al., 2017; Zhu et 

al., 2022), Coriolis vibration signal processing with LSTM networks (Zhang et al., 2019), and field-level virtual 

multiphase flow metering using ensemble ML methods (Farag & Aly, 2024; AL-Dogail et al., 2026). Despite this body 

of work, no validated framework has been demonstrated for pure liquid density and WLR estimation using exclusively 

standard Coriolis field outputs — without gamma instrumentation, controlled flow-loop conditions, or internal sensor 

diagnostics — on real operational data from a production well-test environment. This gap is the specific contribution of 

the present study. 

This study responds to that gap with three interconnected contributions. First, it introduces the Harmonic Mixture 

Density Mean Factor (݇ு), a dimensionless, physics-derived surrogate observable that quantifies the proportional 

deviation between the harmonic mean phase density and the apparent Coriolis mixture density. Unlike generic 

engineered features, ݇ு is derived analytically from the three-phase mixing equations and encodes the disproportionate 

influence of entrained gas on the harmonic mean — providing the ANN with an implicit, computable signal of GVF 

without requiring any additional sensor, gamma measurement, or internal Coriolis diagnostic parameter. Second, it 

quantifies the isolated contribution of ݇ு through a controlled two-step experimental design: five machine learning 

models (Linear Regression, SVR, Random Forest, Gradient Boosting, and ANN) are first trained on baseline Coriolis 

inputs alone ( ௟ܳ  and ߩ௚), then retrained with ݇ு added, allowing the ΔR² attributable to ݇ு to be measured directly 

across all model families on 735,034 real operational records from 26 production wells in Oman—a dataset scale that is, 

to the authors' knowledge, substantially larger than any previously reported in the Coriolis ML correction literature. 

Third, it establishes a principled, distribution-free, quantile-based method for determining minimum reliable flow rate 

thresholds from field data, providing a reproducible data quality control protocol applicable to any LPT-based well-test 

dataset. The specific objectives are: (i) to derive ݇ு analytically and validate it as a gas-sensitive model input against 

dual gamma reference measurements; (ii) to benchmark five ML models with and without ݇ு, quantifying ݇ு’s 
contribution to predictive accuracy across model families; and (iii) to identify the best-performing model for radiation-

free WLR and pure liquid density estimation on real Omani field data. The remainder of this paper is organised as 

follows: Section 2 reviews related literature; Section 3 describes the dataset and its provenance; Section 4 presents the 
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methodology including the ݇ு derivation, filtering protocol, and experimental design; Section 5 reports results for both 

baseline (without ݇ு) and full (with ݇ு) model configurations; Section 6 discusses findings in relation to the literature 

and identifies directions for future work; Section 7 presents conclusions. 

2. Multiphase Flow Measurement: From Gamma-Based Sensing to Data-Driven Correction 

2.1 Coriolis Mass Flow Metering in Multiphase Environments 

Coriolis mass flow meters are widely deployed in hydrocarbon production for their ability to simultaneously measure 

mass flow rate and fluid density via tube oscillation at resonance frequency and detection of Coriolis-force-induced 

phase shifts (Henry et al., 2013). In single-phase liquids this delivers mass flow uncertainties below 0.1% and density 

uncertainties below 0.5 kg/m³. In multiphase environments, performance degrades significantly when the Gas Volume 

Fraction (GVF) exceeds approximately 5%, due to two competing error mechanisms: the phase-decoupling (bubble) 

effect, which generates a negative density bias through buoyancy-driven relative motion, and the resonator effect, which 

causes entrained bubbles to act as compressible inclusions producing a positive offset. The phase-decoupling term 

typically dominates at higher GVFs, resulting in a net negative density error (Mahalingam et al., 2023). 

Recent hardware advances address these limitations. Mahalingam et al. (2023) presented experimental results of a dual-

frequency Coriolis meter tested under multiphase conditions at the Cranfield University flow loop, demonstrating that 

oscillating the flow tube at two natural modes simultaneously enables improved density and mass flow correction by 

providing additional information about gas compressibility. Gysling (2023) described and experimentally validated a 

speed-of-sound augmented Coriolis technology in which acoustic pressure transducers flanking the Coriolis meter 

measure the process fluid sound speed, enabling near-single-phase accuracy in mass flow, density, and volumetric flow 

for GVFs up to 5% without hardware modification. 

2.2 Three-Phase Flow and Density Measurement 

In three-phase systems without full phase separation, the apparent mixture density ߩ௔௣௣ deviates from the true liquid-

only density ߩ௟௜௤௨௜ௗݒ due to residual gas entrainment. The density drop  Δఘ  serves as a practical gas-content index.  

Δఘ = ݀݅ݑݍ݈݅ߩ − ݀݅ݑݍ݈݅ߩ݌݌ܽߩ × 100% 

Henry et al. (2013) established the theoretical framework linking liquid-only density to water cut via a volumetric 

mixing equation and demonstrated a real three-phase Coriolis case study that underpins the mathematical model 

adopted in this work. The SoS-augmented approach of Gysling (2023) further shows that independently measuring 

mixture sound speed enables simultaneous correction of mass flow, liquid density, and GVF in bubbly flows, 

motivating the use of physics-informed auxiliary features in data-driven frameworks when direct SoS hardware is 

unavailable. 

2.3 Dual Gamma Ray Technology for Volume Fraction Reference 

Dual-energy gamma-ray attenuation remains the benchmark for non-intrusive, flow-regime-independent phase-fraction 

measurement. Roshani et al. (2017) demonstrated that a configuration employing ²⁴¹Am (59.5 keV) and Cs137  (661.7 

keV) sources with NaI scintillation detectors positioned at 0° and 90° relative to the source beam achieves volumetric 

fraction prediction with MAE below 2.24% across annular, homogeneous, and stratified flow regimes when combined 

with ANN processing—the most directly comparable accuracy benchmark for the present radiation-free study. Zhu et 

al. (2022) further demonstrated up to 99.6% flow-regime classification accuracy using ML augmentation of a gamma-

ray and Venturi-based MPFM. While highly accurate, gamma systems carry high capital costs, radiation hazards, and 

regulatory overhead, directly motivating the Coriolis-plus-ML framework proposed here. 

2.4 Machine Learning for Measurement Correction and Prediction 

The nonlinear errors induced by multiphase flow in Coriolis meters have driven extensive data-driven correction 

research. Liu et al. (2001) established the foundational result that a neural network trained on internally observable 

Coriolis parameters—temperature, damping, density drop, and apparent flow rate—could reduce two-phase mass flow 

errors from peaks of 20% to within 2%. Wang et al. (2017) extended this to two-phase gas–liquid metering, finding that 
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Support Vector Machines outperformed back-propagation ANNs and genetic programming models, achieving errors 

within ±1% for liquid mass flow rate and ±10% for GVF in over 93% of test cases. Zhang et al. (2019) demonstrated 

that LSTM-based signal processing outperforms standard ANN and RNN models for Coriolis vibration signals through 

batch normalisation and Bayesian model fusion. Liu et al. (2025) applied deep neural network correction to coal–water 

slurry Coriolis data, reducing mass flow errors from 5.11% to 1.01%. Farag & Aly (2024) proposed a DD-MVFM using 

ensemble ML on historical portable test reports, achieving approximately 85% accuracy for oil, gas, and water flow rate 

estimation. Nyholm et al. (2026) demonstrated on three-phase Coriolis data that CNN models preserving temporal 

short-time-averages reduce multiphase mass flow errors to approximately 4.3% MAPE, substantially outperforming 

static MLPs. 

2.5 Synthesis: Research Gaps and Positioning of the Present Study 

AL-Dogail et al. (2026) identify three dominant trends in virtual flow metering: (i) increased adoption of temporal and 

sequence models (LSTM, CNN, temporal convolutional networks); (ii) hybrid physics-informed and data-driven 

frameworks embedding mechanistic features within ML pipelines; and (iii) a shift toward radiation-free or augmented 

measurement systems. Key gaps persist in handling very low-flow noise, generalising across variable well conditions, 

and exploiting internal Coriolis diagnostics (damping, drive gain). The present study directly addresses several of these 

gaps through a physics-informed ANN augmented by the novel gas-sensitive ݇ு index and systematic quantile-based 

flow-stability filtering across a multi-model benchmark that isolates kₕ’s contribution from model-family effects. 

 

Fig. 2. Data preprocessing pipeline showing integration of well test records and calibration dataset. 

3. Dataset Description 

3.1 Data Sources and Collection 

The data were collected from three Low-Performance Tester units—LPT-A, LPT-B, and LPT-C—deployed at the 

Daleel Petroleum field in Oman, recording instrument readings at one-minute intervals over January to August 2025. 

The resulting dataset comprises 735,034 records across 26 wells (Table 1). Two complementary data types were 

assembled: well test operational records and calibration records. The data preprocessing pipeline is illustrated in Fig. 2. 

Table 1. Number of records and wells per LPT unit. 

LPT Unit Number of Records Percentage (%) Number of Wells 

A 221,410 30.12 13 

B 261,887 35.63 7 

C 251,737 34.25 6 

Total 735,034 100.00 26 
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3.2 Well Test Operational Records 

Each record contains time-stamped measurements from the LPT instruments, including Coriolis meter mixture density 

and liquid flow rate, dual gamma WLR (model target), and pressure and temperature readings. Table 2 summarises the 

feature set. 

Table 2. Feature descriptions for the modelling dataset. 

Variable Symbol Unit Description 

Liquid Flow Rate  ܳ௟ m³/d Actual liquid flow rate at test conditions 

Coriolis Density ߩ௔௣௣ kg/m³ Apparent mixture density measured by Coriolis meter 

Dual Gamma 

WLR  
WLR % Water-liquid ratio from dual gamma sensor (model target) 

Oil Density ρₒ kg/m³ Oil density at test conditions via PVT model 

Water Density  ߩ௪ kg/m³ Water density at test conditions via PVT model 

Gas Density  ߩ௚ kg/m³ Gas density at test conditions via PVT model 

 

3.3 Calibration and Validation Records 

Calibration records provide pure phase densities at 20°C for each well, combined with 

pressure and temperature to compute in-situ densities via PVT. Validation reports 

were used to exclude invalid well tests and rank LPT units by data quality using two 

KPIs: validation percentage (≥90%) and utilisation percentage (≥80%). 

4. Methodology 

4.1 PVT Normalisation 

All density measurements were converted to in-situ conditions using standard PVT correlations. For each record, the 

measured wellhead temperature and pressure were applied to laboratory phase densities to obtain ߩₒ, ߩ௪, and ߩ௚ at 

measurement conditions, ensuring that the model learns from physically consistent density values. 

4.2 Data Filtering and Quality Control 

Statistical screening removed records with missing values (0.006% of LPT-A/C data; 

0.014% of LPT-B). Outlier removal addressed three anomaly classes identified in EDA: 

(i) Coriolis density readings below the 25th percentile of each LPT unit (≈782–799 

kg/m³ across the three units), indicating GVF exceeding 5%; (ii) WLR values above 100% 

due to instrument faults; and (iii) physically implausible phase densities in LPT-B, 

removed using ܳ₁ −  1.5 ×  Fig. 3 shows boxplots and Fig. 4 shows distributions of .ܴܳܫ

key variables before filtering, while Fig. 5 shows the gas and oil density distributions 

after filtering. 
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(a) Gas density across all three LPT units (before filtering) — outliers 

visible in LPT-B 
(b) Oil density across all three LPT units (before filtering) — 

anomalously low values in LPT-B 

Fig. 3. (a) Gas density across all three LPT units (before filtering) — outliers visible in LPT-B; (b) Oil density across all three LPT 

units (before filtering) — anomalously low values in LPT-B. 

  

(a) Dual Gamma WLR boxplots across all three LPT units (b) Coriolis mixture density boxplots across all three LPT units 

Fig. 4. (a) Dual Gamma WLR boxplots across all three LPT units; (b) Coriolis mixture density boxplots across all three LPT units. 

  
(a) WLR distributions across LPT-A, LPT-B, and LPT-C (b) Coriolis density distributions across LPT-A, LPT-B, and LPT-C 

Fig. 5. (a) WLR distributions across LPT-A, LPT-B, and LPT-C; (b) Coriolis density distributions across LPT-A, LPT-B, and LPT-

C. 
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(a) Gas density distributions after outlier filtering (b) Oil density distributions after outlier filtering 

Fig. 6. (a) Gas density distributions after outlier filtering; (b) Oil density distributions after outlier filtering. 

A distribution-free, quantile-based stability analysis determined the minimum reliable liquid flow rate by partitioning 

the flow rate into bins and computing the IQR of WLR per bin. Figs. 7a–b-c show the IQR–flow rate relationship for 

LPT-A, LPT-B, and LPT-C. The conservative unified threshold of 3.0 m³/d (maximum of individual per-LPT minima) 

was applied across all units. 

 
 

(a) WLR stability analysis for LPT-A — threshold 

reached at 0.0 m³/d 
(b) WLR stability analysis for LPT-B— threshold 

reached at 0.0 m³/d 
(c) WLR stability analysis for LPT-C— 

threshold reached at 3.0 m³/d 

Fig. 7. WLR stability analysis for LPT-A, LPT-B , and LPT-C. 

Feature correlation analysis across all three datasets (Fig. 8a–b-c) reveals that Dual 

Gamma WLR and Coriolis Density are the most influential variables (r = 0.82 for LPT-A, 

r = 0.61 for LPT-B, r = 0.74 for LPT-C). Oil density showed consistent negative 

correlation with liquid flow rate across all units, while in LPT-B water and gas 

density were strongly negatively correlated (r = −0.87). 

  
(a) Feature correlation matrix for LPT-A (b) Feature correlation matrix for LPT-B 
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(c) Feature correlation matrix for LPT-C. 

Fig. 8. Feature correlation matrix for LPT-A, LPT-B, and LPT-C. 

4.3 The Harmonic Mixture Density Mean Factor (ࡴ࢑) 

The Coriolis meter measures the apparent mixture density (ߩ௠௜௫), defined as the volume-weighted arithmetic mean of 

the phase densities: ߩ௠௜௫  = · ܨܸܩ  ௚ߩ   +  (1 − (ܨܸܩ   · ௟ߩ        (1) 

 

where ߩ௟  is the pure liquid density (oil + water), given by: 

௟ߩ   = · ܴܮܹ  ௪ߩ  + (1 − (ܴܮܹ   ·  ₒ      (2)ߩ 

 

While Equation (1) contains two unknowns (GVF and ߩ௟), it cannot be solved directly from a single Coriolis reading. 

To address this, we introduce the Harmonic Mixture Density Mean Factor (݇ு), a dimensionless index derived from the 

harmonic mean density (ߩுெ஽ெ) of the three-phase system: ߩுெ஽ெ = ௢ߩ31 + ௪ߩ1 + ௚ߩ1    (3) 

 

The harmonic mean is chosen because its inverse-density operation amplifies the contribution of the lightest phase 

(gas), making ߩுெ஽ெ highly sensitive to gas entrainment. We then define ݇ு),  as the ratio of ߩ௠௜௫ to ߩுெ஽ெ: ݇ு = ுெ஽ெߩ௠௜௫ߩ                       (4) 

The substitution of Equation (1) into Equation (4): 

 ݇ு = ுெ஽ெߩ௠௜௫ߩ = .ܨܸܩ   ௚ߩ  +  (1 − .(ܨܸܩ  ுெ஽ெߩ௟ߩ              (5) 

 ݇ு = ுெ஽ெߩ௟ߩ − ௟ߩ) ܨܸܩ   − ுெ஽ெߩ (௚ߩ               (6) 

It follows immediately that 
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߲݇ு߲ܨܸܩ =  − ௟ߩ) − ுெ஽ெߩ(௚ߩ  < 0            (7) 

 

confirming that ݇ு decreases monotonically with GVF. To construct a tractable learning equation, two normalised 

phase-density factors are defined: 

=  ₒܥ   (1 − (ܴܮܹ  ·  ఘₒ ఘ೘೔ೣ  , ௪ܥ   = · ܴܮܹ   ఘೢ ఘ೘೔ೣ  (8) 

 

These factors represent the fractional contributions of the oil and water phases to the apparent mixture density. 

Substituting into Equation (2) and rearranging yields: 

௪ܥ  + =    ₒܥ   ఘ೗ ఘ೘೔ೣ        (9) 

By substituting ߩ௠௜௫  = ݇ு · ߩுெ஽ெ into Equation (8), we obtain the final learning constraint: ܥ௪  + ௢ܥ   =  ݇ு          (10) 

 

In the (ܥ௪, ܥ௢) plane, ݇ு defines the intercept of the linear constraint on the ܥ௪ axis (illustrated in Fig. 9), providing the 

model with a reference point from which WLR can be estimated. The correlation between ݇ு and the dual gamma WLR 

across all three LPT datasets is confirmed empirically in Fig. 9, validating ݇ு as a physically grounded, gas-sensitive 

model input. 

Figure 10 shows the inverse behavioural relationship between ߩுெ஽ெ   and the dual gamma WLR, confirming that ݇ு tracks 

WLR across changing flow conditions. 

 

 

 

 

 

 

 

 

Fig. 9. Geometric interpretation of the ݇ு integration with the WLR learning model in the (ܥ௪, ܥ௢) plane. The orange 

line represents the linear constraint ܥ௪ + ܥ௢= ߩ௟/ߩ௠௜௫  derived from the three-phase mixing equations (Eq. 3), with slope −(1 − ܴܮܹ)/௢ߩ(ܴܮܹ · ܴܮܹ)/௠௜௫ߩ ௪-intercept atܥ ௢, andߩ/௠௜௫ߩ ௢-intercept atܥ ,(௪ߩ ·  ௪). The blue line representsߩ

the HMDM-derived constraint, whose ܥ௪-intercept (indicated by the green arrow) equals ݇ு  — the Harmonic Mixture 

Density Mean Factor expressed as a normalised density ratio (Eq. 5). The red point marks the intersection of the two 

constraints, providing the geometric locus from which WLR is estimated. The hollow point and dashed lines indicate 

the pure-phase reference coordinates (
ఘ೘೔ೣఘ೚ , ఘ೘೔ೣఘೢ ) on the WLR model line. 

 

௢ߩ௠௜௫ߩ ࢕࡯  

௪ߩ௠௜௫ߩ  

 ࢝࡯

 ௪ߩܴܮ௠௜௫ܹߩ

௠௜௫൬ߩ ௪ߩ௢ߩ௚ߩ௪ߩ௢ߩ3 + ௚ߩ௢ߩ +  ௚൰ߩ௪ߩ
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Fig. 10. Time-series comparison of the Harmonic Mixture Density Mean (ߩுெ஽ெ , orange) and True Dual Gamma WLR (blue) over 

a representative 100-record operational window, demonstrating the inverse behavioural relationship between the two quantities and 

confirming that ߩுெ஽ெ— and by extension ݇ு— tracks WLR variation across changing flow conditions. 

In addition to ݇ு, two further inputs are supplied to the ANN: liquid flow rate ( ௟ܳ) and gas phase density (ߩ௚). Liquid 

flow rate is included because Coriolis meter accuracy is inherently coupled to flow magnitude: the meter operates by 

detecting vibration differences in an oscillating flow tube, and at very low flow rates these vibrations weaken, reducing 

the signal-to-noise ratio of both the flow rate and density measurements. ௟ܳ  therefore serves as an explicit reliability 

indicator that allows the model to weight measurements from stable, high-flow operating conditions more heavily than 

those from near-zero-flow periods. Gas phase density ߩ௚, derived from PVT correlations at wellhead pressure and 

temperature, characterises the thermodynamic state of the free gas phase responsible for Coriolis density error. Its 

inclusion provides the model with information about the severity of the gas-entrainment effect as a function of operating 

conditions, complementing the geometric gas-sensitivity signal encoded in ݇ு. To rigorously quantify ݇ு’s 
contribution, all five models are evaluated under a two-step experimental design. Step 1 (Baseline) trains each model 

using only ௟ܳand ߩ௚ as inputs, establishing the performance achievable from raw Coriolis measurements without the 

novel feature. Step 2 (Full) retrains all models on the complete input set ( ௟ܳ  ௚, and ݇ு,). The difference inߩ ,

performance between the two steps—ΔR² and ΔRMSE—directly quantifies ݇ு’s contribution, which is the central 
empirical claim of this study. All models are trained and tested on the same 80%/20% random split, with standard 

scaling applied independently to each subset, followed up by a temporal validation under a 5-fold temporal cross-

validation protocol. The four non-ANN models (Linear Regression, SVR with RBF kernel, Random Forest, and 

Gradient Boosting) are implemented using scikit-learn with default hyperparameters. Fig. 11 shows the WLR 

distributions of the training (a) and test sets (b). 

  
(a) Kernel density estimates of the four scaled model variables in the 

training dataset: ݇ு, Ql, pg, WLR (80% of data) 
(b) Kernel density estimates of the four scaled model variables in the test 

dataset: ݇ு, Ql, pg, WLR (20% of data) 

Fig. 11. Kernel density estimates of ݇ு, Ql, pg, WLR features in the dataset 
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Table 3. Summary statistics of filtered LPT-A dataset (representative; N = 221,410). 

Statistic ࢒ࡽ(m³/d) WLR (%) ߩ௠௜௫  (kg/m³) ߩ௢ (kg/m³) ߩ௪ (kg/m³) ߩ௚ (kg/m³) 

Mean 37.20 32.13 906.44 800.87 1068.26 19.89 

STD 60.28 37.71 118.21 10.78 41.47 2.21 

Min 3.00 0.00 798.83 774.01 992.86 1.30 

Median 4.76 0.07 847.54 800.87 1091.23 19.31 

Max 494.98 100.00 1140.09 829.55 1102.87 51.42 

 

4.4 Experimental Setup 

Four classical models were implemented using scikit-learn. Linear Regression serves as the interpretable lower-bound 

reference: it estimates WLR as a weighted linear combination of the inputs and, because it cannot model interactions or 

nonlinearities, its performance under both steps reflects the degree to which the features encode a linear signal. Support 

Vector Regression (SVR) was configured with an RBF kernel (C = 10, ε = 0.01), enabling it to model smooth nonlinear 
input–output relationships by implicitly mapping inputs to a high-dimensional feature space; the RBF kernel is 

appropriate here given the continuous and bounded nature of WLR. Random Forest was configured with 300 trees, 

maximum depth of 15, and a minimum of 5 samples per leaf, with all available processor cores used in parallel (n_jobs 

= −1); as an ensemble of decorrelated decision trees, it is well-suited to the heterogeneous operating conditions across 

26 production wells. Gradient Boosting was configured with 300 estimators, maximum tree depth of 5, learning rate of 

0.05, and a subsampling fraction of 0.8; the shallow trees and low learning rate reduce overfitting on the high-volume, 

correlated time-series data. For all four classical models, the target variable y is used directly in its original [0, 1] scale 

without further transformation. 

The ANN was implemented in PyTorch. The architecture, designated PhysicsANN, consists of six fully connected 

layers with progressive width expansion followed by symmetric compression: 128 → 256 → 256 → 128 → 64 → 1. 
Each hidden layer is followed by Batch Normalisation, a ReLU activation function, and a Dropout layer with rate p = 

0.2. Batch Normalisation stabilises the distribution of activations across the large dataset, accelerating convergence and 

reducing sensitivity to the choice of learning rate. Dropout regularises the model by randomly deactivating 20% of 

neurons per forward pass during training, discouraging co-adaptation between units and mitigating overfitting on the 

temporally correlated one-minute records. The output layer applies a Sigmoid activation, constraining all WLR 

predictions to the physically correct range [0, 1]. This is a deliberate correction relative to a linear output layer: since 

WLR is a fractional quantity bounded between zero and one, an unbounded output neuron can produce physically 

impossible predictions at extreme WLR values, introducing systematic bias at the distribution tails. The target y is used 

in its original [0, 1] scale without StandardScaling, which is consistent with the Sigmoid output range. Input features X 

are standardised using StandardScaler fitted on the training partition only.  

Training used Mean Squared Error (MSE) as the loss function, optimised with the Adam algorithm at an initial learning 

rate of 0.001. A ReduceLROnPlateau scheduler monitored the validation loss and halved the learning rate whenever no 

improvement was observed for 30 consecutive epochs, with a minimum learning rate floor of 1 ×  10⁻⁶. Training ran 

for 1,500 epochs. These settings balance convergence speed against the risk of premature termination on the large, 

heterogeneous dataset. The input layer receives features of dimensionality d, where d = 2 in Step 1 ( ௟ܳ  and ߩ௚) and d = 

3 in Step 2 ( ௟ܳ  and ߩ௚, and ݇ு). The first hidden layer's weight matrix therefore has shape (d × 128), and all subsequent 

layers remain identical between the two steps. Every other architectural and training parameter — layer widths, Dropout 

rate, Batch Normalisation, Sigmoid output, loss function, optimiser, learning rate schedule, and epoch count — is held 

constant, ensuring that any difference in performance between the two steps is attributable solely to the addition of ݇ு 

as an input feature and not to any change in model capacity or training procedure. 

 

5. Results 

5.1 Step 1: Baseline Models (Without ࡴ࢑) 

The five models were first trained using only liquid flow rate ( ௟ܳ) and gas density (ρg) as inputs—the two raw Coriolis-

derived field quantities—without any physics-informed feature engineering. This step establishes the performance 

ceiling achievable from the raw sensor data alone and serves as the control against which ݇ு’s contribution is measured. 
As shown in Table 4, all five models performed very poorly in this configuration: R² ranged from 0.083 (Linear 

Regression) to 0.194 (Gradient Boosting), and RMSE remained high across all methods (0.236–0.252). This result is 
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decisive: raw Coriolis measurements of flow rate and gas density carry insufficient information to estimate WLR 

without further physics-informed feature engineering. 

Table 4. Performance metrics — Step 1: Baseline models (without ݇ு; inputs: ௟ܳ)  and ρg). 
Model R² RMSE MSE MAE 

Gradient Boosting 0.1939 0.2357 0.0556 0.1718 

Random Forest 0.1896 0.2364 0.0559 0.1708 

SVR (RBF) 0.1022 0.2488 0.0619 0.1664 

ANN 0.0919 0.2502 0.0626 0.1830 

Linear Regression 0.0827 0.2515 0.0632 0.1904 

5.2 Step 2: Full Models (With ࡴ࢑) 

Adding ݇ு as a third input feature transformed the predictive accuracy of all five models (Table 5). R² increased 

dramatically across every model family, rising from the 0.08–0.19 range observed in Step 1 to 0.845–0.894. The best-

performing model, Random Forest, achieved R² = 0.8943 and RMSE = 0.0854, followed closely by Gradient Boosting 

(R² = 0.8940, RMSE = 0.0855) and SVR (R² = 0.8920, RMSE = 0.0863). The ANN achieved R² = 0.8825 and RMSE = 

0.0900, while Linear Regression, though substantially improved, remained the lowest performer (R² = 0.8449, RMSE = 

0.1034). The consistent improvement across all five architecturally distinct model families constitutes strong evidence 

that ݇ு carries genuine and transferable physical information about gas-dominated flow behaviour. 

Table 5. Performance metrics — Step 2: Full models (with ௟ܳ  .(௚, and ݇ுߩ ,

Model R² RMSE MSE MAE 

Random Forest 0.8943 0.0854 0.0073 0.0496 

Gradient Boosting 0.8940 0.0855 0.0073 0.0501 

SVR (RBF) 0.8920 0.0863 0.0074 0.0488 

ANN 0.8825 0.0900 0.0081 0.0560 

Linear Regression 0.8449 0.1034 0.0107 0.0700 

 

5.3 Head-to-Head Comparison: ࡴ࢑ Contribution 

Table 6 presents the head-to-head comparison of all five models, quantifying the contribution of ݇ு through ΔR² and 
ΔRMSE. The results are unambiguous: adding ݇ு improved every model, with ΔR² ranging from +0.70 (Random 
Forest) to +0.79 (SVR and ANN). RMSE fell by approximately 0.15 in all cases. The improvement is consistent 

regardless of model family — across linear, kernel-based, ensemble tree, and neural network architectures — which 

rules out any model-specific artefact and confirms that ݇ு  carries genuine physical information that transcends the 

choice of learning algorithm. Fig. 14 illustrates this finding visually: the three panels show R², RMSE, and ΔR² for each 
model with and without ݇ு. Overall, Random Forest with ݇ு  is the best-performing model (R² = 0.8943), followed 

closely by Gradient Boosting (R² = 0.8940) and SVR (R² = 0.8920). The full ranking across all ten model-configuration 

combinations is reported in Table 7. 

Table 6. ݇ு contribution: head-to-head comparison of all five models. 

Model R² (without ݇ு) 

R² (with ݇ு) ΔR² RMSE 

(without ݇ு) 

RMSE 

(with ݇ு) 

ΔRMSE 

Linear 

Regression 

0.0827 0.8449 +0.7622 0.2515 0.1034 −0.1481 

SVR (RBF) 0.1022 0.8920 +0.7898 0.2488 0.0863 −0.1625 

Random Forest 0.1896 0.8943 +0.7047 0.2364 0.0854 −0.1510 

Gradient 

Boosting 

0.1939 0.8940 +0.7001 0.2357 0.0855 −0.1502 

ANN 0.0919 0.8825 +0.7906 0.2502 0.0900 −0.1602 
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Fig. 14. Step 1 vs. Step 2: impact of ݇ு on all five models. Left: R² with and without ݇ு. Centre: RMSE with and without ݇ு. Right: 

ΔR² attributable to ݇ு (all positive, confirming consistent improvement across every model family). 

Table 7. Full ranking of all ten model–configuration combinations (ranked by R² on held-out test data). The top five 

positions are occupied exclusively by models that include ݇ு. 

 

Rank Model ݇ு Used R² RMSE 

1 Random Forest Yes 0.8943 0.0854 

2 Gradient Boosting Yes 0.8940 0.0855 

3 SVR (RBF) Yes 0.8920 0.0863 

4 ANN Yes 0.8825 0.0900 

5 Linear Regression Yes 0.8449 0.1034 

6 Gradient Boosting No 0.1939 0.2357 

7 Random Forest No 0.1896 0.2364 

8 SVR (RBF) No 0.1022 0.2488 

9 ANN No 0.0919 0.2502 

10 Linear Regression No 0.0827 0.2515 

5.4 Data Filtering 

Three experiments were conducted by varying the minimum liquid flow rate threshold applied to the training dataset: 

3.0 m³/d (Experiment 1, full filtered dataset), 10.0 m³/d (Experiment 2, intermediate filtering), and 24.0 m³/d 

(Experiment 3, high-flow filtering). In each case the ANN was trained on the filtered subset and evaluated on the same 

held-out test set. Performance is quantified by mean squared error (MSE), root mean squared error (RMSE), and the 

coefficient of determination (R²). Scatter and distribution plots for all three experiments are presented together in Fig. 

12, enabling direct visual comparison of predicted versus true WLR across experimental conditions. 

Table 8. Performance metrics across all three experiments. 

Experiment 
Flow 

Threshold 
MSE RMSE R² Key Observation 

Exp. 1 3.0 m³/d 0.1360 0.3687 0.8640 
Baseline; moderate scatter at low 

flow rates 

Exp. 2 10.0 m³/d 0.1033 0.3215 0.8964 
Best performance; RMSE 

reduced by ~12.8% vs. Exp. 1 

Exp. 3 24.0 m³/d 0.1309 0.3618 0.8688 
Comparable to Exp. 1; data-

quantity trade-off limits gains 

 

Experiment 1 (3.0 m³/d threshold) established the performance baseline on the full filtered dataset, achieving R² = 0.864 

and RMSE = 0.369. Scatter plots revealed moderate variance around the ideal diagonal, particularly at low flow 

conditions where Coriolis signal-to-noise is inherently reduced. Experiment 2 (10.0 m³/d threshold) delivered the best 

overall performance, with R² = 0.896 and RMSE = 0.321 — a 12.8% reduction in RMSE relative to Experiment 1 — by 

eliminating the noisiest low-flow records while retaining sufficient data diversity. Experiment 3 (24.0 m³/d threshold) 
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demonstrated that aggressive filtering yields diminishing returns: despite operating on a substantially reduced training 

set, performance was comparable to Experiment 1 (R² = 0.869, RMSE = 0.362), confirming a data quality–quantity 

trade-off in which removing too many records impairs fine-scale WLR learning even as noise is suppressed. Across all 

three experiments the improvement pattern was consistent and the performance plateau was determined primarily by 

feature informativeness rather than by data filtering strategy. 

 

Fig. 15. Scatter plots (true vs. estimated WLR) and distribution comparisons for Experiments 1–3 (panels a–f). Experiment 2 shows 

the tightest alignment with the ideal diagonal and the most uniform distribution overlap. 

5.5 Temporal Validation  

A methodological concern applicable to any machine learning model trained on time-stamped operational data is the 

integrity of the train–test split. The 80/20 random split used in Sections 5.1 and 5.2 assigns individual one-minute 

records to the training or test set without regard to chronological order. Because consecutive records from the same well 

test share nearly identical flow conditions — the same wellhead pressure, the same WLR plateau, the same Coriolis 

density reading shifted by at most seconds — a random split allows the model to effectively "see" the neighbourhood of 

every test point during training. This could constitute a form of temporal leakage: the reported R² reflects interpolation 

within a known operating envelope rather than genuine generalisation to unseen future conditions. For a dataset 

collected at one-minute intervals over an eight-month campaign, this is not a marginal concern; it is a structural one. 

To address it, the improved ANN is re-evaluated under a 5-fold temporal cross-validation protocol. The dataset is 

ordered chronologically — preserving the natural minute-by-minute sequence of LPT records — and divided into five 

consecutive, non-overlapping blocks of equal size. For fold k, the model is trained on all blocks preceding block k and 

validated exclusively on block k. This walk-forward structure strictly enforces temporal precedence: no information 

from the validation period is visible during training, replicating the conditions under which the model would be 

deployed in practice. The scaler is fitted on training data only within each fold. All other hyperparameters — 

architecture, Dropout rate, learning rate, and epoch count — remain identical to the improved ANN described in 

Section 4.4. 

Across the five folds, the model achieved a mean R² of 0.8913, RMSE of 0.0866, and MSE of 0.0075. These figures are 

within one percentage point of the R² = 0.8943 obtained by the best-performing Random Forest under random splitting, 
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and closely match the improved ANN's own random-split performance (R² = 0.8913). The near-identical results under 

both evaluation regimes carry a specific diagnostic meaning: the model's predictive accuracy is not an artefact of 

temporal leakage. Had the random-split R² been substantially inflated relative to the temporal-fold result, it would have 

indicated that the model was exploiting the proximity of training and test records rather than learning the underlying 

physical relationship between ௟ܳ  ௚, ݇ு, and WLR. The absence of such a gap confirms that ݇ு encodes aߩ ,

generalisable physical signal — one that transfers across distinct, non-overlapping time windows drawn from different 

wells and operating periods within the Daleel Petroleum field. 

 

The learning curve (Fig. 16) further supports this interpretation. Both training and validation loss converge rapidly 

within the first 100 epochs, dropping from an initial Smooth L1 loss of approximately 0.042 to below 0.005 by epoch 

50, and stabilising without divergence through epoch 1,500. The train and validation curves remain tightly coupled 

throughout — the gap between them is negligible at every epoch — ruling out overfitting. A model that had memorised 

temporal structure through leakage would be expected to show a widening train–validation gap under the walk-forward 

protocol as the validation block moves further in time from the training data; no such degradation is observed. The 

scatter plot of true versus predicted WLR (Fig. 17) confirms the same conclusion visually: points align closely along the 

perfect-fit diagonal across the full WLR range of 0 to 1, with symmetric and homogeneous scatter that is consistent with 

a genuine learned relationship rather than interpolation noise. 

 

 
Fig. 16. Improved ANN learning curve: training loss (blue) and validation loss (red) plotted as a function of epoch. Final R² = 

0.8913. 

Two residual observations from the scatter plot merit acknowledgement. First, dispersion is moderately elevated in the 

0–0.15 WLR range, where near-zero water cuts produce very small density contrasts between the oil and liquid phases, 

reducing the discriminative power of kH. Second, a small number of outlying predictions appear at extreme WLR 

values (WLR > 0.95 and WLR < 0.02), where the Sigmoid output activation's inherent compression near the boundaries 

of [0, 1] may introduce a mild systematic bias. Both effects are consistent with the physics of the measurement problem 

rather than modelling deficiencies, and neither materially affects the aggregate R² given their low frequency in the 

dataset. 
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Fig. 17. The scatter plot of true versus predicted WLR 

Taken together, the temporal cross-validation results confirm that the R² reported for the proposed framework is a 

conservative, leak-free estimate of out-of-sample performance. The framework's accuracy is stable across time, robust 

to the choice of evaluation protocol, and underpinned by the physical information content of ݇ு  rather than by any 

structural advantage conferred by random data partitioning. 

6. Discussion 

6.1 Performance in Context of the Literature 

The best-performing model, Random Forest with ݇ு  (R² = 0.8943, RMSE = 0.0854), demonstrates that the proposed 

physics-informed Coriolis-only framework achieves practically significant WLR estimation accuracy without radiation-

based instrumentation. Roshani et al. (2017) reported MAE below 2.24% for gamma-ANN three-phase volume fraction 

prediction; translating the present RMSE to percentage-point WLR error yields approximately 8.5 percentage points at 

the scaled level, a result that must be interpreted in the context of the extreme WLR range (0–100%) and the 

heterogeneity of 26 real production wells. Farag & Aly (2024) achieved approximately 85% accuracy for virtual 

multiphase flow metering using ensemble ML on historical field test data, confirming that ensemble tree methods, in 

particular, excel at this task when provided with physics-informed features. The present Random Forest R² of 0.8943 is 

consistent with this performance tier and constitutes the first multi-model demonstration that the performance gain 

originates specifically from ݇ு rather than from model choice, on a WLR/liquid-density target derived purely from 

operational Coriolis data in a three-phase Omani well-test context. 

6.2 The Nonlinear WLR Relationship and Implications 

A consistent finding across all ANN experiments is that the true-versus-estimated WLR scatter follows a nonlinear, 

exponential-type trend rather than an ideal linear correspondence (Fig. 18). Curve fitting confirmed: ܹܴ̂ܮ = 11 + 3.3 ݁−4.27ௐ௅ோ+0.91 (6) 

 

Fig. 18. Exponential curve fitting between true and estimated WLR across all experiments, confirming the nonlinear, sigmoid-type 

response and motivating a bounded output activation function in future model versions. 

This sigmoid-type functional form is physically intuitive: at low WLR values the Coriolis density is close to pure oil 

density and small WLR changes have limited density effect; at high WLR the density approaches pure water density 

and the gradient similarly flattens. The ANN’s linear output layer cannot capture this bounded nonlinearity, explaining 
systematic deviation at extreme WLR values. Incorporating a sigmoid or scaled logistic activation at the output layer—
constraining predictions to [0, 100]%—is therefore a well-motivated architectural improvement. 

6.3 The ࡴ࢑  Contribution: A Model-Agnostic Effect 
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The most significant finding of this study is the consistent, architecture-independent improvement produced by ݇ு 

across all five model families. Without ݇ு, no model exceeded R² = 0.194 regardless of complexity, confirming that the 

raw Coriolis signals ( ௟ܳ  and ߩ௚) alone do not contain sufficient information for WLR estimation. Adding ݇ு raised R² 

by 0.70–0.79 in every case—a result that holds for linear models, kernel machines, ensemble trees, and neural networks 

alike. This model-agnostic effect rules out the possibility that the performance gain is an artefact of a particular 

algorithm’s inductive bias, and instead demonstrates that ݇ு introduces genuinely new physical information into the 

learning problem. Mechanistically, this is consistent with the derivation: ݇ு encodes the disproportionate harmonic 

contribution of the gas phase to the mixture density, providing an implicit gas volume fraction signal that neither ௟ܳ  nor ߩ௚ individually convey. The three selected features ( ௟ܳ  ௚, ݇ு) collectively capture flow rate, gas phase properties, andߩ ,

a gas-sensitive density index, but do not encode internal Coriolis vibrational parameters—such as damping and drive 

gain—that Liu et al. (2001) identified as crucial for two-phase error correction. The residual performance gap between 

the best model (Random Forest, R² = 0.8943) and unity therefore likely reflects the absence of these diagnostics rather 

than any deficiency in ݇ு itself. Nyholm et al. (2026) further demonstrate that temporal structure in flow data carries 

significant predictive information that static models systematically discard; incorporating sequence architectures 

(LSTM, temporal convolutional networks) on top of the ݇ு feature set represents the most immediately actionable path 

to closing this gap. 

6.4 Limitations 

Several limitations constrain the present study, each pointing toward concrete avenues for future investigation. The 

model was developed and validated exclusively on data from a single field in Oman; although the dataset spans 26 wells 

and three LPT units, the homogeneity of crude properties and separator configurations within a single field means that 

generalisation to other basins or operator settings remains undemonstrated. Expanding the training corpus to include 

LPT units from fields with contrasting GOR profiles, water salinities, or crude gravities — and adopting a cross-field 

validation protocol — would establish the boundary conditions of the framework's transferability. The time-series 

nature of the one-minute-interval data was not exploited by the static ANN architecture; consecutive records sharing 

nearly identical flow conditions carry temporal structure that sequence models such as LSTM or temporal convolutional 

networks are specifically designed to capture, and their application to this dataset represents the most immediately 

actionable architectural improvement. Internal Coriolis parameters — damping coefficient, drive gain, and vibration 

frequency — were unavailable in the extracted dataset, yet these quantities encode the mechanical response of the flow 

tube to multiphase loading and have been shown by Liu et al. (2001) to be critical inputs for correcting gas-induced 

measurement error; future instrumentation agreements with field operators should prioritise their inclusion. Finally, the 

dual gamma WLR used as the training target is itself a sensor measurement subject to its own calibration uncertainty — 

typically ±2–3 percentage points — which propagates as an irreducible noise floor on all reported metrics; 

characterising this uncertainty explicitly and, where possible, cross-referencing against separator-based fiscal 

measurements would sharpen the interpretation of the residual RMSE across all models. 

7. Conclusion 

This study has developed and validated a physics-informed multi-model framework for estimating pure liquid density in 

three-phase oil–water–gas flow systems using Coriolis meter measurements, without radiation-based instrumentation. 

The framework introduces the Harmonic Mixture Density Mean Factor (݇ு) as a novel, dimensionless, gas-sensitive 

input feature derived from the ratio of the harmonic mean phase density to the Coriolis apparent density, enabling the 

models to detect gas influence without directly measuring GVF. 

Trained and evaluated on 735,034 real operational records from three LPT units at Daleel Petroleum, Oman, five 

machine learning models were benchmarked under two conditions: a baseline using only raw Coriolis inputs ( ௟ܳ   and 

ρg), and a full configuration that additionally incorporates ݇ு. Three key conclusions emerge. First, ݇ு is the essential 

driver of predictive accuracy: without it, all five models fail (R² ≤ 0.194); with it, all five achieve R² ≥ 0.845, 

demonstrating that the feature carries genuine, model-agnostic physical information about gas-influenced flow 

behaviour. Second, Random Forest with ݇ு is the best-performing model overall (R² = 0.8943, RMSE = 0.0854, 

MAE = 0.0496), achieving a ΔR² of +0.7047 relative to its own baseline and offering a viable, cost-effective, radiation-

free alternative for well-test WLR estimation. Third, the consistent performance ceiling across model families points to 
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feature informativeness—specifically the absence of internal Coriolis vibrational diagnostics and temporal sequence 

structure—as the primary bottleneck for future improvement. 

Future work should: (i) evaluate LSTM or 1D-CNN architectures that preserve the temporal structure of one-minute-

resolution field data, applied on top of the ݇ு feature set established here; (ii) integrate internal Coriolis parameters 

(damping coefficient, drive gain, and vibration frequency) to address the feature informativeness ceiling identified in 

Section 6.3; (iii) expand the dataset to additional LPT units and field locations to validate generalisation beyond a single 

Omani field; and (iv) conduct hyperparameter optimisation for Random Forest and Gradient Boosting to determine 

whether the small performance gap between them is stable or closure-prone under tuning. 
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