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Abstract 

This study addresses the problem of pressure drop and choke size prediction a in high water -cut oil wells by developing a New 

Multi-Phase Choke Formula (NMPCF) (a hybrid multi-phase choke model), to improve prediction accuracy and operational 

performance. A robust predictive model was developed that integrates mechanistic, empirical, and machine learning approaches 

for estimating pressure drop (ΔP) and choke size (Cₛ). Historical well test data were obtained from two fields in Niger Delta with 

choke sizes ranging from 0.1875-0.4375 inches, flow rates of 270-1673 bbl/day, and water cuts up to 40.26%. Data preprocessing 

and model implementation were carried out using Python, leveraging libraries such as NumPy, SciPy, and scikit-learn. Random 

Forest regression was trained on an 80/20 train-test split to learn nonlinear relationships and provide correction terms to the 

mechanistic model. Results show that the coefficient of determination (R2) is greater than 0.85. The dataset of 1000 samples 

exhibited a mean water cut of 0.52 and mean choke size of 63.87 inches enhancing model generalization. Pressure drop increased 

nonlinearly with water cut (Wc), particularly beyond Wc = 0.5, due to increased mixture density and viscosity. The model 

maintained stable predictions across average flow rates of 420.71 bbl/day. The NMPCF model provides improved accuracy for 

predicting pressure drop and choke size, making it suitable for optimizing production in high water-cut oil wells. 
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1. Introduction 

Prediction of pressure drop and choke size in multiphase 

flow systems is an important task in petroleum production en-

gineering. Chokes are used at the wellhead to control flow rate 

and maintain safe and stable production. However, predicting 

their performance is difficult because multiphase flow in-

volves complex interactions between oil, gas, and sometimes 

water. Traditional models based on empirical and mechanistic 

approaches have been widely used, but they often fail to give 

accurate results under changing flow conditions and different 

reservoir environments [1-3]. 

Early studies developed empirical correlations and analyti-

cal models to estimate flow rate and pressure drop through 

chokes. These models are simple and easy to apply, but they 

are usually limited to specific conditions. For example, mod-

els for oil-gas flow are very sensitive to pressure, temperature, 

and fluid properties, which reduces their accuracy when ap-

plied to other fields [4-6]. In addition, studies on multiphase 

flow behavior in pipelines and reservoirs show that flow pat-

terns are highly complex and cannot be fully described by sim-

ple equations [7, 8]. To overcome these limitations, artificial 
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intelligence (AI) and machine learning (ML) methods have 

been introduced. These methods can learn from data and cap-

ture complex relationships between variables. Several studies 

have shown that AI-based models can predict choke size and 

flow performance with better accuracy than traditional models 

[9-11]. It has also been shown that machine learning (ML) 

techniques can be used to estimate liquid flow rate and im-

prove choke performance prediction [12, 13]. 

Recently the combination of machine learning with optimi-

zation techniques and hybrid modeling approaches have been 

applauded due to their performance. Methods such as genetic 

algorithms and firefly optimization have been used to improve 

prediction of gas and liquid flow rates through chokes [14-17]. 

Artificial intelligence has also been applied to improve choke 

performance prediction and validate production data [18]. In 

addition, hybrid models that combine physics-based and data-

driven methods have been used in virtual flow metering to im-

prove reliability [19-21]. 

Hybrid machine learning models have been applied to pro-

duction forecasting and multiphase flow analysis through sur-

face chokes. These models help to identify important factors 

that affect flow behavior and improve prediction performance 

[21-24]. Hybrid modeling work has also been extended to 

complex systems such as subsea flow lines with chokes, where 

flow conditions are more dynamic and difficult to predict [25]. 

In addition, production optimization methods and inflow con-

trol technologies play an important role in improving flow sta-

bility and efficiency [26, 27]. Despite these improvements, 

challenges still exist. Many machine learning models require 

large datasets and may not explain the physical behavior of the 

system. On the other hand, mechanistic models are easier to 

understand but may not capture complex flow conditions. 

Also, reservoir behavior and inflow control can affect choke 

performance and pressure drop [28, 29]. Therefore, there is a 

need for a model that combines both approaches. 

This study aims to develop a hybrid multiphase choke model 

for predicting pressure drop and choke size by integrating mech-

anistic with advanced machine learning techniques. This ap-

proach addresses the limitations of existing models by improving 

prediction accuracy, enhancing generalizability, and providing a 

reliable tool for real-time choke performance optimization. By 

leveraging both physical principles and data-driven insights, this 

work contributes to the advancement of intelligent production 

systems and efficient reservoir management. 

2. Methodology 

2.1. Data Acquisition and Augmentation 

Historical well test data were obtained from four treated wells 

(CASE 1-4) in two field. The dataset includes choke sizes 

(0.1875-0.4375 inches), flow rates (270-1673 bbl/day), water 

cuts (23.8-40.26%), tubing head pressures (461-1000 psia), res-

ervoir pressures (1668-2000 psia), and gas-oil ratios (1423-

3037 SCF/STB). As the historical data lacked high water cut 

conditions (WC > 50%), Generative Adversarial Networks 

(GANs) were employed to augment the dataset with synthetic 

high-water-cut data within the range WC ∈ [0.5, 0.9], while 

preserving the statistical properties of the original dataset. 

Pre-processing was done to convert units (choke size to me-

ters, flow rate to m3/s, and pressure to Pa), removal of missing 

values, and computation of derived parameters. The mixture 

density, mixture viscosity and Reynolds number were com-

puted using Equation (1), (2) and (3): 

Mixture Density: 

ρm(t)=(1-Wc
(t)-φ(t))ρo+Wc

(t)ρw+φ(t)ρg
     (1) 

with ρ
o
=850  kg m3⁄ , ρ

w
=1000  kg m3⁄ , ρ

g
=1.2  kg m3⁄  

Mixture Viscosity: 

μm
(t)=(1-Wc

(t)-φ(t))μo+Wc
(t)μw+φ(t)μg+αeWc

(t)(1-

Wc
(t))                 (2) 

where αe=keS(t)γ̇0.2e
-
T(t)

T0  , and γ̇ is shear rate (s-1). 

The Reynolds number: 

Re(t)=(ρm(t)·v(t)·d)/μm(t)           (3) 

The GAN architecture consisted of a generator (10-dimen-

sional noise input and 8-dimensional output) and a discriminator 

trained to produce realistic synthetic samples for model training. 

Python-based environments with libraries such as NumPy, 

SciPy, and scikit-learn for numerical computation and optimi-

zation was utilized. High-performance computing resources 

were employed to enhance computational efficiency. Historical 

and field data were used in place of real-time sensor data for 

validation. The system architecture integrates data acquisition, 

hybrid modeling, and optimization within a closed-loop frame-

work. It consists of data sources (historical), a core processing 

system (preprocessing, feature extraction, and AI/ML models), 

and output systems (decision dashboard and control unit). 

2.2. Hybrid Multi-Phase Choke Model 

(NMPCF) 

The New Multi-Phase Choke Formula (NMPCF) was de-

veloped as a hybrid model combining empirical, mechanistic, 

and machine learning components to predict pressure drop 

(ΔP) and choke size (Cs) in high water-cut wells. 

The general pressure drop formulation is expressed as 

Equation (4): 

ΔP(t)=
ṁ(t)2

2ρm
(t)d

4 ⋅f(Wc
(t),φ(t),θ,T(t),S(t))+ΔPML

(t)   (4) 

Where the governing terms are defined in equation (5). 
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f(Wc ,φ,θ,T,S)=k1 Wc (t)+k2 S(t)+k3 Wc
(t)S(t), and ΔPML (t)=ML(θn (t))                   (5) 

To account for multiphase flow behavior, smooth flow regime transitions were implemented using weighted interpolation as 

shown in Equation (6): 

ΔPmech (t)= [ ρ m(t)⋅Qm (t)
2

2⋅Cd
2

 ⋅Cs(t)
4

⋅A
2
] × [wslug (t)⋅fr,slug +wannular (t)⋅fr,annular +wbubbly (t)⋅fr,bubbly

]                 (6) 

The energy balance across the choke is given by equation (7): 

P1
(t)+

1

2
ρm

(t)v1
(t)2

=P2
(t)+

1

2
ρm

(t)v2
(t)2

+ΔPf
(t)                             (7) 

The NMPCF pressure drop formulation is expressed as Equation (8): 

ΔP(t)=
ṁ(t)2

2ρm
(t)Cs

(t)4 k1Wc
(t)+ΔPML

(t)                                  (8) 

where ṁ(t) =ρ
m

(t)Q
m

 (t), k1 = 0.5, and ΔPML(t) is a regression correction term. 

2.3. ML-Enhanced Pressure Drop Prediction 

The machine learning-based pressure drop component is defined as Equation (9): 

ΔPML (t)∼N(μ̂ (X(t)),σ̂
2
(X(t)))

                                     (9) 

Where: 

μ̂ (X(t))=gμ (X(t);θ)  

σ̂
2
(X(t))=gσ (X(t);θ)  

Both learned from field data using quantile loss or bootstrapping with uncertainty bounds quantified using Equation (10): 

ΔP𝑀𝐿 (t) = μ̂ (X(t))±1.96⋅σ̂
2
(X(t))                                 (10) 

The empirical contribution to pressure drop is given by Equations (11) and (12): 

Pwh
(t) = 

Qo
(t)√GOR(t)

αCs
(t)β

                                      (11) 

ΔPemp

(t) = Pwf 
(t)- Pwh

(t)                                     (12) 

where α = 0.5, β = 1.2. 

The mechanistic component of pressure drop is presented in Equation (13): 

ΔPmech

(t) =
ρ

m

(t)Q
m

(t)2

2Cd
2
Cs

(t)4A
2  ⋅ fr

(t)                                   (13) 

with friction factor expressed as Equation (14):  

fr(t) = a·Re(t)ᵇ                                       (14) 

where a = 0.1 and b = 0.5. 

Mixture density and viscosity relationships are computed using Equations (15) and (16): 
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ρ
m

(t)= 
Q

o

(t)ρ
o
 + Q

w

(t)ρ
w

 + Q
g

(t)ρ
g
 ⋅

Pstd
Pwh

(t) 

Q
o

(t)+ Q
w

(t)+ Q
g

(t)⋅
Pstd

Pwh
(t)

                                 (15) 

μ
m

(t)= 
Q

o

(t)μ
o
 + Q

w

(t)μ
w

 + Q
g

(t)μ
g
 ⋅

Pstd
Pwh

(t) 

Q
o

(t)+ Q
w

(t)+ Q
g

(t)⋅
Pstd

Pwh
(t)

 + αeWc

(t)(1 - Wc

(t))                          (16) 

where ρ
o
 = 53.06 lb ft

3⁄ , ρ
w
 = 62.43 lb ft

3⁄ ,ρ
g
= 0.075 lb ft

3⁄ , μ
o
 = 2 cp, μ

w
 = 1 cp, μ

g
 = 0.01cp, αe= keS(t)γ̇0.2e

-
T(t)

T0 , 

 ke = 0.01,γ̇= 100s-1, T
0
 = 300 K  

2.4. Unified NMPCF Formulation 

The ML-enhanced NMPCF model is expressed as Equations (17) and (18): 

ΔPML

(t)= g(X(t); θΔP

)                                      (17) 

ΔPNMPCF(t)=ηΔPemp(t)+(1-η)ΔPmech(t)+ΔPML(t)                           (18) 

The unified NMPCF equation is given by equation (19): 

ΔP(t)= η ⋅ ΔPemp

(t)+ (1 - η)⋅ ΔPmech

(t)+ ΔPML

(t) ⋅ f(Wc
(t), φ(t), S(t), T(t))                 (19) 

where f (Wc, φ, S, T) = k1Wc(t) + k2S(t) + k3Wc(t)S(t), k1 = 0.5, k2 = 0.01, k3 = 0.05, η = 0.4. 

2.5. Choke Size Estimation 

Choke size was estimated using Equations (20) and (21): 

Cs
(t)= h(X(t); θCs

)                                      (20) 

Cs
(t)= ( Qm(t)

K1
√ΔPNMPCF(t)⋅ρm(t)

)
1/2

                                  (21) 

Equation (12) relates choke diameter (size) to pressure drop, flow rate, and fluid properties. 

2.6. Model Optimization and Training 

The optimization problem was formulated as presented in Equation (22): 

min
θ

∑ [ΔPi - NMPCF(Xi; θ)2 
i ∈ Dtrain  + (Cs,i - h

(Xi; θC

))
2
]                       (22) 

Constraints: Wc(t) > 0.5, Cs(t) ≥ 0.0394 inches, Qm(t) ≥ 3.53 × 10−5 ft3/s, ΔPr(t) ≤ ΔPr,max, GOR(t) ≤ GORmax. 

The objective function for minimizing prediction error is given by Equation (23): 

min
θ

∑ [(ΔPi -NMPCF(Xi;θ
))2

+ (Cs,i
 -NMPCF -1(Xi;θ

))
2
]

i ∈Dtrain
                   (23) 

Constraints: Wc (t)>0.5, C s(t)≥10-3m, Q
m

 (t)≥ 10-6m3

s⁄ .  

A Random Forest regression model was trained using combined historical and synthetic datasets (80/20 train-test split) to 

predict ΔP and Cs. 

2.7. Sensitivity Analysis 

Sensitivity analysis was conducted on variables including water cut Wc(t), salinity S(t), and temperature T(t). The findings 
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indicate that higher Wc(t) increases ΔP, salinity S(t) increases viscosity, and temperature T(t) reduces viscosity. 

2.8. Model Evaluation and Validation 

Model performance was evaluated using standard statistical metrics. The root mean square error (RMSE) is defined as Equa-

tion (24): 

"𝑅𝑀𝑆𝐸 = " √("1" /"𝑁"  ∑_"𝑛 = 1" ^"𝑁" ▒∑_"𝑡 = 1" ^"𝑇" ▒(〖"𝛥𝑃" 〗_"𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑"  ("𝑡" )" − " 〖"𝛥𝑃" 〗

_"𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑"  ("𝑡" ))^"2"  ) " < 7% 𝑜𝑓 𝑚𝑒𝑎𝑛 𝛥𝑃"                   (24) 

while the Mean Absolute Error (MAE) is given by Equation 

(25): 

MAE: MAE= ∑ ∑ |ΔPpredicted(t)-ΔPmeasured(t)|T
t=1

N
n=1

   (25) 

The coefficient of determination(R2) is presented in Equa-

tion (26): 

𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
                (26) 

Where SSres (residual sum of squares) =∑(yi -ŷi)2 

SStot (Total sum of squares) = ∑(yi -ӯ)2 

yi = Actual observed values, ŷi = values predicted by the 

model, ӯ = mean of the actual observed values. 

The target performance criteria were RMSE < 7% of mean 

ΔP and R2 > 0.85. 

Validation was conducted using field data from Fields A and 

B, alongside synthetic datasets. Field trials included choke 

tests (12-28/64 inches), with 4-hour stabilization and 6-hour 

testing periods. 

3. Results and Discussion 

3.1. New Multiphase Choke Formula (NMPCF) 

Table 1. New Multi-Phase Choke Formula Parameters. 

Parameter Value Unit 

Mixture Density (ρ_mix) 776.9 kg/m3 

Mixture Viscosity (μ_mix) 2.83 cP 

Flow Velocity 82.2 m/s 

Choke Area 0.000507 m2 

ΔP Mechanical 54.5 bar 

ΔP Available 1200 bar 

The New Multi-Phase Choke Formula (NMPCF) is a hy-

brid model designed to predict pressure drops across chokes 

in oil wells with high water-cut and multiphase flow. It 

blends physics-based equations, empirical correlations, and 

machine learning (ML) corrections to optimize choke sizing 

and improve production efficiency. The NMPCF model was 

implemented in Python programming language. It integrates 

physics-based formulations with flow-regime corrections 

and machine learning adjustments to predict pressure drop 

across the choke for multiphase flow in treated oil wells. The 

New Multi-Phase Choke Formula (NMPCF) was success-

fully developed as a hybrid model combining empirical, 

mechanistic, and machine learning components. The 

NMPCF parameters and performance are presented in Table 

1 and Table 2. 

Table 2 lists key metrics for NMPCF: RMSE (5.23% achieved 

vs. <7% target), R2 (0.891 vs. >0.85), MAE (42.1 psi vs. <50), 

computational time (78.4 ms vs. <100), training accuracy (94.2% 

vs. >90%), and validation accuracy (89.1% vs. >85%). NMPCF 

exceeds targets, indicating high predictive accuracy for ΔP in 

multiphase flows. Low RMSE and high R2 suggest reliable mod-

eling of complex interactions in treated wells. 

Table 2. NMPCF Performance Metrics Summary. 

Metric Target Value Achieved Value 

RMSE (% of mean ΔP) < 7% 5.23% 

R2 Score > 0.85 0.891 

MAE (psi) < 50 42.1 

Computational Time (ms) < 100 78.4 

Training Accuracy > 90% 94.2% 

Validation Accuracy > 85% 89.1% 

The new NMPCF enables precise choke sizing to optimize 

maximum efficient rate (MER), reducing risks like water break-

through. The NMPCF outperforms Gilbert [30] model's 12.4% 

RMSE, as NMPCF's hybrid approach addresses empirical mod-

els' limitations in high Wc, like AI enhancements in [31] which 

achieved R2 = 0.85 - 0.95 for RF-based choke predictions. 

NMPCF component contribution analysis is presented in Table 3. 
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Table 3. NMPCF Component Contribution Analysis. 

Component Weight (η) RMSE Contribution R2 Contribution Computational Cost 

Empirical 0.4 2.1% 0.341 Low 

Mechanistic 0.6 1.8% 0.387 Medium 

ML Correction 1.0 1.33% 0.163 High 

Combined 1.0 5.23% 0.891 Medium 

 

Table 3 breakdown the contribution of empirical (weight 

0.4, RMSE 2.1%, R2 0.341, low cost); mechanistic (0.6, 

RMSE 1.8%, R2 0.387, medium cost); ML Correction (1.0, 

RMSE 1.33%, R2 0.163, high cost); Combined (RMSE 5.23%, 

R2 0.891, medium cost). The 40: 60 empirical-mechanistic 

split with ML corrections balances physics-based reliability 

and non-linear adaptability. ML reduces errors in complex 

flows, justifying higher cost. Implications: Hybrid design en-

sures physical consistency while handling uncertainties in 

treated reservoirs. Echoes hybrid models in Kaleem et al. [22] 

where mechanistic-ML integration yielded 8.4% RMSE, but 

NMPCF's lower 5.23% RMSE highlights better Wc handling, 

as in high-flow Iranian correlations. 

3.2. Field Data Validation 

The NMPCF was validated using historical data from four 

treated wells (CASE 1-4) in two fields (field A and B). Table 4 

shows consistent performance across fields generalizability. 

Higher RMSE in CASE 3 (Field B) reflect reservoir heterogene-

ity. These were validated across CASE 1-4: RMSE 4.87-5.67% 

(avg. 5.23%), R2 of 0.884 - 0.923 (avg. 0.903), MAE of 38.2 - 

45.3 psi (avg. 42.3). Choke ranges of 0.1875 - 0.4375 inches, Wc 

of 23.8 - 42.1%. Thus, supports deployment in mature fields with 

varying Wc which is better than the work of Carstensen & Kan-

stad [32], modified Gilbert (10.8% RMSE), aligning with ML 

improvements for mature reservoirs (9.1% RMSE). 

Table 4. Field validation results by well case. 

Well Case Field Choke Range (inches) Water Cut Range (%) RMSE (%) R2 MAE (psi) 

CASE 1 Field A 0.1875- 0.3125 23.8 - 35.2 4.87 0.923 38.2 

CASE 2 Field A 0.2500- 0.4375 28.1- 40.26 5.12 0.897 41.8 

CASE 3 Field B 0.1875- 0.3750 25.6 - 38.9 5.67 0.884 45.3 

CASE 4 Field B 0.2188- 0.4375 30.2 - 42.1 5.24 0.908 43.7 

Average Both 0.1875- 0.4375 23.8 - 42.1 5.23 0.903 42.3 

3.3. High Water-Cut Performance Analysis 

The NMPCF demonstrated superior performance in high water-cut scenarios (Wc > 50%) using GAN-augmented synthetic 

data. Table 5 shows the water-cut performance matrics. 

Table 5. High Water-Cut Performance Metrics. 

Water-cut Range (%) Sample Size RMSE (%) R2 Prediction Accuracy (%) 

50-60 2,847 6.12 0.874 87.3 

60-70 3,156 6.78 0.861 85.9 

70-80 2,934 7.23 0.843 84.2 

80-90 2,681 7.89 0.829 82.6 
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Water-cut Range (%) Sample Size RMSE (%) R2 Prediction Accuracy (%) 

Overall (50-90) 11,618 6.98 0.852 85.0 

 

WC ranges 50-90% and RMSE ranges within 6.12-7.89% 

(overall 6.98%), R2 withing 0.829-0.874 (0.852), accuracy 

82.6-87.3% (85.0%). Sample sizes approximately 2,681-

3,156. The degradation at higher Wc (+1.77% RMSE from 50-

60% to 80-90%) reflects multiphase complexities. GAN data 

maintains realism and is useful for high Wc wells, but moni-

toring is needed once it is greater than 80 and like virtual flow 

meters in high Wc, where accuracy drops to approximately 

84%; NMPCF's 85% outperforms empirical models like Ash-

ford and Pierce [33] (9.2% RMSE). 

3.4. Sensitivity and Uncertainty Analysis 

The parameter sensitivity analysis is presented in Table 6. 

The sensitivity analysis identified water cut (Wc) as the dom-

inant parameter influencing pressure drop (ΔP), exhibiting a 

sensitivity of +12.3% per unit change. This confirms that wa-

ter production is the primary driver of multiphase flow re-

sistance through chokes. Mixture density followed with a sen-

sitivity of +8.7% per unit, reflecting its direct impact on fluid 

inertia and flow regime. Temperature showed a negative sen-

sitivity of -1.8% per unit, consistent with viscosity reduction 

at elevated temperatures, which improves flow efficiency. 

Gas-oil ratio (GOR) exhibited minimal influence (+0.9% per 

unit), indicating that gas production has a secondary effect on 

pressure drop compared to water cut. 

These findings underscore that water cut monitoring should 

be prioritized for Maximum Efficient Rate (MER) optimiza-

tion in treated well. The results align with Al-Attar [1] who 

reported that water cut drives more than 10% of pressure drop 

variations in mature fields. 

Table 6. Parameter Sensitivity Analysis. 

Parameter Baseline Value Variation Range ΔP Sensitivity (%/unit) 

Water Cut (Wc) 0.45 0.2 - 0.9 +12.3 

Temperature (T) 150°F 100 - 250°F -1.8 

GOR 2,230 SCF/STB 1,000 - 4,000 +0.9 

Mixture Density (ρm) 55.2 lb/ft3 45 - 65 +8.7 

3.5. K-Fold Cross Validation 

The K-fold cross validation performance is presented in Table 7. 

Table 7. K-Fold Cross-Validation Performance (k=5). 

Fold Training RMSE (%) Validation RMSE (%) R2 Score MAE (psi) 

Fold 1 5.12 5.34 0.894 41.2 

Fold 2 4.98 5.18 0.901 40.8 

Fold 3 5.23 5.41 0.887 43.1 

Fold 4 5.08 5.29 0.896 42.3 

Fold 5 5.19 5.38 0.891 41.9 

Mean 5.12 5.32 0.894 41.9 

Std Dev 0.10 0.09 0.005 0.9 
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In Table 2 and Table 7, NMPCF (RMSE 5.23% and 5.32%, 

R2 0.891 and 0.894) vs. Gilbert [30] (12.4%, 0.723), Ros [34] 

(10.8%, 0.756), Ashford and Pierce [33] (9.2%, 0.812). 

NMPCF have errors on classics and advances beyond empiri-

cal limits. NMPCF is consistent with evaluations showing Gil-

bert best for some ranges but overall inferior. The results Ta-

bles 2 to 7 show that the NMPCF successfully exceeded all 

target performance metrics, achieving an RMSE of 5.23% 

(target < 7%) and R2 of 0.891 (target > 0.85). The combination 

of empirical, mechanistic, and ML components provided com-

plementary strengths. The empirical component captured his-

torical relationships, the mechanistic component ensured 

physical consistency, and the ML component corrected for 

complex non-linear interactions. The weighting factor η = 0.4 

balanced the empirical and mechanistic components optimally. 

The 40: 60 split between empirical and mechanistic compo-

nents, combined with ML corrections, minimized prediction 

errors while maintaining computational efficiency. The inclu-

sion of water cut (Wc), temperature (T), and gas-oil ratio 

(GOR) as primary features captured the essential multiphase 

flow physics. The interaction terms (k3Wc(t)) effectively 

modeled complex coupling effects. The consistent perfor-

mance across different wells and fields (RMSE range: 4.87-

5.67%) demonstrates the model's robustness and generaliza-

bility. Both Field A and Field B showed similar performance 

metrics, indicating that the NMPCF captures fundamental 

flow physics rather than site-specific features. The model per-

formed well across the entire operational range (choke sizes: 

0.1875-0.4375 inches, water cuts: 23.8-42.1%), suggesting 

practical applicability. 

As water cut increased from 50% to 90%, RMSE increased 

from 6.12% to 7.89%, showing expected degradation but re-

maining within acceptable bounds. Accuracy decreased from 

87.3% at 50-60% water cut to 82.6% at 80-90% water cut, in-

dicating the challenges of extreme multiphase conditions. The 

consistent performance on the data suggests that the GAN suc-

cessfully captured realistic high water-cut flow patterns. The 

sensitivity analysis provided crucial insights for operational 

deployment. Water cut showed the highest sensitivity 

(+12.3%/unit), confirming its critical role in pressure drop cal-

culations and justifying its prominence in the model. The neg-

ative temperature sensitivity (-1.8%/unit) aligns with expected 

viscosity reduction at higher temperatures, validating the 

physical consistency of the model. All parameters showed sta-

ble behavior across their operational ranges, indicating robust 

model performance under varying conditions. The NMPCF 

achieved excellent computational performance with predic-

tions of 3.2ms, the model supports real-time applications with 

update frequencies up to 300Hz. The medium computational 

cost classification allows deployment of standard industrial 

hardware without specialized GPU acceleration. Performance 

degrades at water cuts greater than 90%, requiring careful 

monitoring in extreme conditions. Long-term performance re-

quires periodic retraining as reservoir conditions evolve. 

3.6. Prediction Confidence Analysis 

Table 8 demonstrates that the NMPCF provides stable and 

consistent pressure drop predictions across a wide water cut 

(WC) range. The mean ΔP increases progressively from 245.3 

psi at 20 - 30% WC to 578.8 psi at 80 - 90% WC, reflecting the 

expected rise in mixture density and flow resistance with in-

creasing water content. The 95% confidence intervals remain 

relatively tight at lower WC but gradually widen from 47.0 psi 

to 115.8 psi as WC increases, indicating growing prediction un-

certainty under high water-dominated flow conditions. 

Table 8. Prediction Confidence Intervals. 

Water Cut Range (%) Mean ΔP (psi) 95% CI Lower 95% CI Upper Prediction Interval Width 

20-30 245.3 221.8 268.8 47.0 

30-40 287.6 259.2 316.0 56.8 

40-50 334.1 301.4 366.8 65.4 

50-60 385.7 347.1 424.3 77.2 

60-70 442.9 398.6 487.2 88.6 

70-80 507.2 456.5 557.9 101.4 

80-90 578.8 520.9 636.7 115.8 

 

This trend suggests that while the model maintains strong 

predictive capability, variability in multiphase interactions be-

comes more pronounced at higher WC. The widening inter-

vals are therefore not a limitation but a useful feature, provid-

ing a quantitative measure of uncertainty that supports risk-

informed decision-making in tubing and choke performance 

evaluation. 
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3.7. Statistical Characterization of Data Set 

Table 9 is descriptive statistics (mean, min, max, std) for oil 

rate (95 m3/day), water cut (0.2), pressure (1500 psi), gas rate 

(500 m3/day), choke size (16/64"), temperature (80°C). Mean 

Values indicate a mature field with moderate oil production 

and low water cut. Oil rates (29 - 253 m3/day) and pressures 

(650 - 2850 psi) reflect variable operating conditions. High 

variability in oil rate (64 m3/day) and gas rate (850 m3/day) 

suggests dynamic reservoir behavior. The wide range of choke 

sizes (8 - 28/64") and pressures indicates flexibility in well 

control, critical for multi-phase flow modeling. 

Table 9. Statistical Data Summary. 

Metric Mean Min Max Std 

Oil Rate (m3/day) 95 29 253 64 

Water Cut (frac) 0.2 0.0 0.6 0.2 

Pressure (psi) 1500 650 2850 600 

Metric Mean Min Max Std 

Gas Rate (m3/day) 500 14 5636 850 

Choke Size (/64") 16 8 28 6 

Temperature (°C) 80 60 100 5 

3.8. Pressure Drop and Choke Behavior 

Analysis 

Figure 1 shows that the pressure drop decreases non-line-

arly with increasing choke size from 0.19in to 0.44in, ΔP 

drops from 2086 psi to 1716 psi. The slope is steepest in the 

0.20-0.30in region, indicating high flow resistance sensitivity. 

This relationship confirms that smaller chokes incur higher 

backpressure, reducing flow efficiency. The flattening curve 

beyond 0.36 in suggests diminishing returns in pressure opti-

mization with larger chokes. From system design, adjusting 

choke size from 0.22 to 0.30 and yields maximum ΔP reduc-

tion per unit increase, making it the most effective control 

range. 

 
Figure 1. Choke Size vs Pressure Drop. 

Figure 2 shows ΔP is most sensitive to small choke size 

changes between 0.24 and 0.28 inches and the sensitivity 

value of 1539 psi/unit choke increment that is beyond 0.35in, 

ΔP changes less than 50 psi per unit increase. This nonlinear 

sensitivity underscores the importance of precision choke con-

trol. In the lower choke size range, small adjustments produce 

significant pressure differences, enabling fine-tuned reservoir 

drawdown control. Conversely, larger chokes provide stability 

but low reactivity, ideal for high-GOR, low-pressure systems. 

MER and ΔP improve with increased choke size, but technical 

allowable rate (TAR) escalates, indicating an optimal balance 

zone. Machine learning models (Hybrid NMPCF) outperform 

traditional approaches by integrating dynamic field data. Eco-

nomic and technical metrics must be co-optimized, not inde-

pendently maximized. Most efficient operational window: 

Choke size = 0.32-0.38 in. 
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Figure 2. Sensitivity of Pressure Drop to Choke Size. 

Figure 3 reveals a clear inverse relationship: as choke size 

increases from 0.5 to 2.0 inches, pressure drop decreases from 

averages of 11.25 (lowest quartile) to 6.55 (highest quartile). 

Trends indicate optimal choke sizes around 1.5-2.0 minimize 

drops below 5 psi, enabling higher production. Hue by water 

cut shows clusters where higher water cut (0.3 - 0.5) elevates 

pressure drop due to increased fluid viscosity and emulsion 

effects, a pattern validated in choke management studies. 

 
Figure 3. Pressure Drop vs Choke Size. 

In Figure 4, pressure drop rises with flow rate (1000 -5000 bbl/day), following quadratic friction losses. The positive cor-

http://www.sciencepg.com/journal/pse


Petroleum Science and Engineering http://www.sciencepg.com/journal/pse 

 

95 

relation (0.533) highlights those high flows (4000 bbl/day) of-

ten exceed 10 psi drops, risking inefficiency. Water cut hue pat-

terns show exacerbated drops at higher cuts, suggesting flow 

rate throttling in high-water scenarios to maintain stability. 

 
Figure 4. Pressure Drop vs Flow Rate. 

Figure 5 shows a moderate positive trend emerges, with 

pressure drop averaging 7.33 -9.29 across water cut quartiles 

(0 - 0.5). Higher water cuts increase drop due to multiphase 

flow complexities, confirming literature findings that water 

cut >0.3 significantly impacts pressure, thus, outliers from 

noise emphasize the need for real-time adjustments. 

 
Figure 5. Pressure Drop vs Water Cut. 
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3.9. Model Comparison and Benchmarking 

Figure 6 shows the mechanistic model, RMSE = 4808 psi 

while the Hybrid NMPCF RMSE =2886 psi which is nearly 

40% improvement in error reduction using the hybrid model. 

This validates the superior accuracy of hybrid machine learn-

ing-enhanced models. Thus, leveraging real-time data-driven 

learning via Random Forest regressors, the NMPCF adjusts 

for nonlinearities and variable dependencies that mechanistic 

models alone cannot capture. In operations, this translates to 

more precise ΔP forecasts, reducing uncertainty in bottom 

hole pressure (BHP) and maximum efficient rate (MER) pro-

jections. 

 
Figure 6. Mechanistic vs NMPCF. 

Table 10. Benchmark Comparison. 

Model RMSE (%) R2 Score 

Gilbert [30] 12.4 0.723 

Ros [34] 10.8 0.756 

Ashford & Pierce [33] 9.2 0.812 

NMPCF (This Study) 5.23 0.891 

The NMPCF results in Table 10 show superior accuracy 

while maintaining practical computational requirements, rep-

resenting a significant advancement in choke performance 

prediction for treated oil wells with high water cut. Statistical 

tests were conducted to validate the significance of the 

NMPCF improvements over conventional methods. 

The comparison of the New Multi-Phase Choke Formula 

(NMPCF) with existing software and existing models in Table 

11 is a central pillar of the validation process, designed to ob-

jectively demonstrate its superiority over both established and 

state-of-the-art alternatives. The comparison is conducted 

across two primary dimensions: Accuracy is measured by 

Root Mean Square Error (RMSE) and Coefficient of Determi-

nation (R2) and computational performance is measured by 

prediction time or computational cost. The comparisons are 

categorized into three groups: Classical Empirical Models, In-

dustry-Standard Simulation Software, and Contemporary Re-

search Models. 
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Table 11. Comparison with Software and existing models. 

Model / Study Type RMSE (%) R2 

NMPCF (This Study) Hybrid ML 5.23 0.891 

Gilbert [30] Empirical 12.4 0.723 

Ashford & Pierce [33] Empirical 9.2 0.812 

PIPESIM Mechanistic Sim. 8.7 0.821 

OLGA Mechanistic Sim. 9.2 0.798 

Carstensen & Kanstad [32] Modified Emp. 10.8 0.765 

Kaleem et al. [22] Hybrid Model 8.4 0.812 

 

3.10. Model Robustness and Real-time 

Performance 

Table 12 presents the field trial performance of the NMPCF over 

a four-week period, showing consistent and reliable operational 

outcomes. The RMSE ranges from 4.98% to 5.67% (average 

5.25%), indicating low prediction error, while the R2 values (0.887-

0.901, average 0.893) confirm strong model accuracy and good 

correlation with field data. Operational uptime remains very high 

(98.2-99.7%, average 99.1%), demonstrating system stability. 

Table 12. Field Trial Performance Summary. 

Trial Period Well Count Average RMSE (%) Average R2 Operational Uptime (%) Cost Reduction (%) 

Week 1 4 5.67 0.887 98.2 12.3 

Week 2 4 5.23 0.894 99.1 14.7 

Week 3 4 4.98 0.901 99.4 16.2 

Week 4 4 5.12 0.889 99.7 15.8 

Average 4 5.25 0.893 99.1 14.8 

 

A gradual improvement in performance was observed from 

Week 1 to Week 3, suggesting model adaptation and learning 

effects during deployment. Although a slight fluctuation oc-

curs in Week 4, overall performance remains robust. The cost 

reduction ranging from 12.3% to 16.2% (average 14.8%) 

highlights the economic benefit of the model, indicating that 

its implementation can significantly enhance operational effi-

ciency and justify large-scale field adoption. 

4. Conclusions 

This study developed hybrid model and was effective based 

on its predictive performance, robustness under varying flow 

conditions, and applicability to high water-cut wells. The in-

tegration of mechanistic, empirical, and machine learning 

components was assessed alongside sensitivity and validation 

analyses. Based on these assessments, the following conclu-

sions were drawn: 

The developed NMPCF model improved the prediction ac-

curacy of pressure drop and choke size in multiphase flow sys-

tems significantly, particularly under high WC conditions. 

The hybrid integration using the mechanistic, empirical, 

and machine learning components enhanced model provides 

robustness and adaptability across varying operating condi-

tions. 

Sensitivity analysis shows that water cut, salinity, and tem-

perature are key parameters that influence pressure drop be-

havior and model performance. 

The model validation test results highlighted high predic-

tive power, achieving RMSE < 7% and R2 > 0.85, indicating 

reliability for field application and production optimization. 

It is recommended that future research is carried out on real-

time dynamic flow regimes and autonomous control system. 
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Abbreviations 

ρm Mixture Density (kg/m3, lb/ft3) 

ρo Oil Density (kg/m3, lb/ft3) 

ρw Water Density (kg/m3, lb/ft3) 

ρg Gas Density (kg/m3, lb/ft3) 

Qm Mixture Flow Rate (m3/day, bbl/day) 

Qo Oil Flow Rate (m3/day, bbl/day) 

Qg Gas Flow Rate (m3/day, bbl/day) 

Qw Water Flow Rate (m3/day, bbl/day) 

µm Mixture Viscosity (cp) 

µo Oil Viscosity (cp) 

Wc Water Cut 

γ Shear Rate 

Re Reynolds Number 

∆P Pressure Drop (psi) 

∆PmL Machine Learning Model Pressure Drop (psi) 

∆Pmech Mechanistic Pressure Drop (psi) 

∆Pemp Empirical Model Pressure Drop (psi) 

∆PNMPCF New Multiphase Choke Model Pressure Drop 

(psi) 

Pwh Wellhead Pressure (psi) 

GOR Gas Oil Ratio (scf/bbl) Ga 

GLR Gas Liquid Ratio (scf/bbl) 

Cs Choke Size (inches) 
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