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Abstract

Liquid loading in gas condensate wells drastically lowers gas production and increases operating expenses if unmanaged. The
traditional empirical model often has difficulty representing the complex behaviours of multiphase flow and typically rely solely
on historical data. In contrast, this study introduces a novel machine learning approach using a non-linear regression that
integrates both historical and live data to predict liquid loading events in gas condensate wells with greater precision and
adaptability. The newly developed machine learning Algorithm exhibited a very significant performance achieving an RMSE of
1.1293Mscf/d, MSE of 1.561 and R2 of 0.9978. The results surpass other machine learning approaches including the hybrid
model with an RMSE of 2.8639 and R2 of 0.9978 and the Feed forward neural network, which have the value of R2 of 0.9833
respectively. The model’s streamlined architecture requires moderate data volume and low computational power making it
suitable for real time monitoring and seamless integration into digital oil field systems which improves usability. Also, its
accuracy relies on high-quality data input, highlighting the importance of a strong sensor network. With lower computing power
requirements and the ability to adjust to different field conditions, this makes it a practical, scalable tool and a cost-effective
solution that improves decision-making in oil and gas field operations through insight based on data. This dual data driven
approach offers a practical advancement over existing models, significantly contributing to the optimization of hydrocarbon
recovery.
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1. Introduction

Natural gas remains a key part of the global energy mix
because it has a relatively low carbon footprint and sees in-
creasing demand in both industries and homes. One of the
challenges in gas production is liquid loading. This problem is
especially common in older gas and gas condensate wells. The
liquid loading normally happens in the wellbore when fluids

like water and condensation build-up. This problem pointedly
relegates the well productivity by slowing down the gas flow
[1, 2]. This phenomenon not only hampers the rate s of pro-
duction but also increases operational costs due to the need for
frequent solutions like liquefaction and non-natural lifting
systems [3].
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Conventionally, the prediction and management of liquid
loading highly relied on empirical correlations and mecha-
nistic models such as Coleman correlation. Although these
models have bees essential, they fall short in representing the
complex, nonlinear and dynamic behaviors of multiple flows
in heterogeneous reservoir conditions [4]. However, these
model involve many assumptions and simplifications, which
limit their accuracy across varying field conditions.

Tree Based Models (XGBoost, Random Forest) are used
for liquid loading classification and risk assessment due to
their interpretability and handling of tabular data. For exam-
ple, [5] applied XGBoost to predict loading onset using
wellhead pressure, gas rate, and fluid gradients, achieving~85%
accuracy but requiring extensive feature engineering, its ma-
jor drawback is Performance plateaus with high dimensional
temporal data, and models often fail to generalize across wells
with differing completion designs [6].

Deep Learning (LSTM, FFNN) are LSTMs have been
employed to model temporal dependencies in sensor data (e.g.,
pressure transients, flow rates). [7] LSTMs demand large
training datasets and are computationally intensive. FFNNs,
while simpler, struggle with sequential data and require
manual windowing of time series inputs [8].

Hybrid and Physics Informed ML integrates domain
knowledge (e.g., conservation laws) with ML to improve
generalizability. For instance, [9] combined a FFNN with
mechanistic constraints, reducing prediction errors by 20% in
low data regimes.

Gaps Addressed by This Study

Prior ML efforts face accuracy tradeoff, tree based models

excel on structured data but lack temporal sensitivity, while
LSTMs require impractical data volumes for field deployment
[5, 7].

Data Efficiency, most models are trained on historical da-
tasets, limiting cross well applicability.

Few studies validate models in real-time operational set-
tings. [8]’s LSTM, though accurate, had latency issues (>1
min per prediction), rendering it unsuitable for rapid decision
making in real live.

The goals of this research work are to improve the gas well
efficiency using machine learning technology to predict the
liquid loading in gas condensate wells. To accomplish this, a
new machine-learning algorithm was developed using Python
Software. This will enhance accurate prediction through
careful data processing, model training and optimization.
After that, we will test and validate the model thoroughly with
real production data to assess its reliability and generalizabil-
ity. Finally, we will compare the algorithm'’s performance with
current empirical and mechanistic models to demonstrate its
potential to boost production rates, reduce operational costs,
and extend well life.

2. Materials and Methods

2.1. Materials/Tools

Table 1 presents the materials/ tools used in this research
work.

Table 1. Materials/Tools and their Purpose Used in this Research Work.

Purpose

For the development of new machine learning algorithms, modelling and

simulation for accurately predicting liquid loading in gas condensate wells.

SIN Equipment
1. PYTHON Software
2. Data collected from Gas condensate well.
3. Microsoft Excel
2.2. Methods

2.2.1. Data Processing and Analysis

In this study, the dataset came from gas condensate wells
and includes important parameters such as gas flow rate (Qg),
liquid flow rate (QIl), pressure drop across the liquid phase
(AP1), pressure drop across the gas phase (APg), minimum
velocity (min), gas velocity (vg), liquid pressure (Pl), gas
pressure (Pg), liquid density (pl), gas density (pg), and time (t).
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Input and operating parameters for simulation (liquid flow rate and gas flow
rate, etc.)

Data assembling and preparation

Table 2 presents the operational and reservoir parameters
important for modelling liquid accumulation in a gas con-
densate reservoir. However, these features are essential for
modelling and training and verifying machine learning mod-
els and are very important for modelling and predicting the
beginning of liquid loading. Also, these features serve as the
basis for training and validating the machine learning models
and are vital for accurately model predicting the com-
mencement of liquid loading in a condensate gas well. The
dataset was split into training mode carried 60%, the valida-
tion set held 10% and the testing phase held 30%. The testing
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data set is used for model building; the validation set ensures
that the model is built as optimally as possible while the
testing is used to evaluate the model's final performance.

A statistical overview of 200 simulation samples used to
predict the loading of liquid in a gas condensate well is shown
in Table 2. Also, it highlights the distribution and variability
of the input parameters feature and the target variable. How-
ever, the key variables such as ((gas flow rate (Q g), liquid
loading (Q_1) and liquid-to-gas density ratio ((pl/pg))
demonstrate significant variability while showcasing a very

broad presentation of operational conditions. In comparison
with the features of other operational parameters such as the
condensate-gas ratio (CGR) and velocity ratio (v min/vg)
exhibit limited variability, which may imply redundancy or
need further transformation. The target variable representing
the liquid loading shows an asymmetric distribution with a
mean of 5.56 which supports regression-based modelling. The
overall data set is well-balanced and diverse, providing a very
strong foundation for future selection and applications of
machine learning in reservoir analysis [7].

Table 2. Statistical Analysis for Collected Data.

Statistical term Time Qg (MMSCFD) QI (STB/D) APVAPg Vmin/vg Pl/Pg  pl/pg CGR vy
Simulation 200 200 200 200 200 200 200 200 200
mean 0.2827 5.0981 25714 2.8430 0.8873 0.8561 1.9960 0.1035 5.5623
std 0.2585 2.8015 1.4357 1.3829 0.1673 0.3424 0.6674 0.0553 1.2122
min 0.0029 0.5525 0.1248 0.5488 0.6109 0.3056 0.8140 0.0119 2.6464
25% 0.1001 2.6715 1.3812 1.6498 0.7416 0.3056 0.8140 0.0119 2.6464
50% 0.1794 5.1976 2.7540 2.8643 0.8803 0.8321 2.1081 0.1020 5.5633
75% 0.3954 7.6902 3.7368 4.1500 1.0346 11280 2.6032 0.1484 6.4350
max 0.9914 9.8754 4.9535 4.9987 1.1940 14962 2.9955 0.1995 8.4857
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Figure 1. Pearson's Correlation is shown in the Heat Map of the Total Data set used for Liquid Loading Prediction in Gas Condensate Well.
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2.2.2. Data Correlation Matrix Analysis

The person correlation matrix heat map presented in Figure
2, highlights the linear relationship between the input and the
target variable (y), which respects the liquid loading in the gas
condensate wells. The variables such as gas flow rate (Q_g),
liquid flow rate (Q 1), and gas density (p_g) demonstrate
strong positive correlations with y, with a coefficient of 0.69.

0.56 and 0.46 respectively, this indicates a very good meaning
in predicting liquid loading [8]. Also, in comparison with
certain variables such as pressure drop ratio (AP_I/AP_g),
velocity ratio (v_min/v_g), pressure ratio (P_I/P_g), CGR and
time exhibit weak correlations with y, this may be due to
limited linear predictive values when used independently.
Though their low interdependency will help reduce multicol-

Define Objectives & Scope
Dievalopment of a New Algorithm for Liguid
Loading Pradiction in Gas Condansae Walls

linearity [9].
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|
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Model Development
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Figure 2. Conceptual Methodology Flowchart for developing a new Liquid Loading Prediction Algorithm in Gas Condensate Wells.

2.2.3. Model Development

The development of a new machine learning algorithm to
predict liquid loading on gas condensate wells follows a sys-
tematic approach. The methodology integrates supervised
machine learning (non-linear regression) with mechanistic
simulation modelling enabling a robust comparison between
the two methods. It is established by collecting details live
data, including well pressure, temperature, production rates
and the PVT properties. The data is then pre-processed to
remove the outliers and generate key features such as super-
ficial velocities and flow regime indicators. The developed
machine learning algorithm uses a refined mechanistic model
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such as a modification of Turner's critical velocity equation.
The model accuracy is assessed using metrics like MSE,
RMSE and R? based on historical shut-in and unloading
events. The algorithm at the final stage is validated by com-
paring the simulated outputs to the actual well performances.
Figures 4 and 5 depict the steps and results from the model
development and validation.

2.2.4. Model Description

The machine learning (ML) method developed to predict
liquid loading in the gas condensate is well presented in this
section. In difference with the traditional Python-based sim-
ulation model, which is grounded in physical equations, the
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ML model utilizes empirical data to identify patterns and
predict the onset of liquid flooding. It learns the relationship
between the input and out variables such as gas flow rate,
pressure, velocity, and liquid loading event without relying
explicitly on physical laws. The section also, covers the model
architecture, feature engineering methods, algorithm selection,
training and evaluation processes and includes a comparison
with the conventional Python-based simulation approach.

2.2.5. Data Sources and Sampling Methods

The data for this study is sourced from operational records
of gas condensate wells, obtained from industry partners and
public oil and gas databases. These records provide real-time
measurements collected during daily operations of the wells,
covering both steady-state and transient conditions.

Data Collection Techniques

1) Field Data Field operators record real-time measure-
ments of gas and liquid flow rates, pressures, and tem-
peratures. These measurements are collected at regular
intervals, ensuring that the dataset captures temporal
variations in well conditions.

2) Production Logs: Production logs are used to track the
performance of individual wells over time. These logs
provide historical data on flow rates, pressure drops, and
other operational parameters.

3) Reservoir Simulation Models: In cases where direct
measurements are unavailable, reservoir simulation
models may provide additional data, particularly for
parameters like gas and liquid densities or wellbore ve-
locities.

4) Sampling Frequency: The data is collected at different
time intervals depending on the operational conditions
of the well. For steady-state conditions, data might be
sampled every few hours or days. During transient
events or changes in production, more frequent sampling
is employed to capture dynamic variations in the well
performance.

5) Data Cleaning and Pre-processing: Before using the
collected data in the PYTHON simulation or machine
learning model, it must undergo a series of
pre-processing steps to ensure its quality and suitability
for analysis. These steps include cleaning the data,
handling missing values, removing outliers, and nor-
malizing or scaling the data.

6) Feature Scaling and Normalization: For the machine
learning model, it is essential to scale and normalize the
data, especially when the input features have different
units and ranges. This step ensures that the model can
learn efficiently and accurately.

7) Feature Engineering: Feature engineering is the process
of creating new features or transforming existing ones to
improve the performance of the machine learning model.
For this study, new features might be derived from ex-
isting ones to capture interactions between variables. For
example: Ratio Features: Ratios such as (liquid-to-gas
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flow rate ratio) or (liquid-to-gas pressure ratio) can
provide meaningful insights into the dynamics of liquid
loading.

The basic assumptions used in this research work are as

follows:

1) The equation presumes a gas-dominated flow, incorpo-
rating the liquid effect indirectly through the velocity
term.

2) The well operates under transient flow conditions, where
both pressure and flow rate vary over time rather than
remaining constant.

3) The reservoir is assumed to have uniform permeability
and porosity, reducing variability in flow behaviour.

4) It is assumed that there are no influences from nearby
wells, fractures, or external pressure support that could
alter the flow dynamic.

5) The rate of prediction decreases over time as indicated
by following an exponential trend expressed as e ¢

6) The constants (C, a, and B) are determined through
curve fitting rather than strict physical derivation.

7) The production rate is modelled using pressure and ve-
locity ratios, avoiding the complexity of full multiphase
flow analysis.

Project Setup

PYTHON Software

Data Acquisition and Pre-Pro-
cessing

Feature Engineering
{Turner velocity, Liquid load-

ing)
Model Selection & Training

Traditional ML Model
(Random forest,
XGBOOST, KNN})

New ML Algorithm
Time series (LSTM)

Model Testing and Validation

Model Interpretation
I

Figure 3. Python process flow chart for the development of a new
algorithm for liquid loading prediction in gas condensate wells.

2.2.6. Mathematical Model Development

A mathematical frame that accurately represents the key
physical processes in multiple-phase flow is required to develop
a model for the prediction of liquid loading in petroleum reser-
voirs. This section presents the equations derivation of giving
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flow in the well, incorporating transient flow assumptions and
relevant boundary conditions. Implementing a transient ap-
proach, the model dynamically simulates the liquid loading over
time, reflecting the evolving behaviours of the reservoir and
wellbore system.

2.2.7. Transient Flow in Reservoir Engineering

The transient flow used in reservoir engineering refers to
the time before the system stabilizes. The diffusion-like be-
havior controls fluid movement during this phase and pres-
sure propagation through the reservoir is unstable. The diffu-
sivity equation which derived from the equation for fluid
flow in a porous medium is obtained by combining the equa-
tion of state (fluid properties), Darcy's Law (fluid flow in
porous media) and the continuity equation (mass conserva-
tion) [10]:

The diffusivity Equation as expressed in Equation (1) for a
single-phase flow in a homogenous reservoir [11]:

oP _ k (10 (T‘ BP)
at Quce \r or or

Where: P = P(r,t) is pressure, a function of radial distance r
and time t; k = permeability; @ = porosity; u = fluid vis-
cosity; ¢, = total compressibility.

Solving this partial differential equation (PDE) under cer-
tain boundary conditions leads to well-known solutions such
as the exponential pressure decline in transient flow.

)]

2.2.8. Exponential Pressure Decline in Transient
Flow

For a well in an infinite-acting reservoir producing at a
constant rate, the pressure solution can be expressed in
Equation (2) [11]:

_ p _aBu o (TP
P(r,t) = P, 4nkhE‘( 4o<t) 2

Where E;(x) is the exponential integral as shown in
Equation (3).

k
X=
Quce

©)

For small x, the exponential integral function is approxi-
mated by exponential decay as present in Equation (4)[4]:
E(-x)~e™ (4)

Thus, pressure decline follows an exponential decay as
present in Equation (5):
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P(r,t) =~ C.e™® )
2.2.9. Modification to Include Pressure and Velocity
Ratios

To improve the accuracy of transient flow predictions, the
equation is modified to incorporate pressure and velocity
ratios. The enhanced pressure and velocity ratios are given in
Equation (6) [4]:

¥ = C. Pratio- e % + B-Vratio (6)

Where:

P,q:i0= the pressure-related effect, modifying the transient
pressure decline model; v,,:,= represents the velocity de-
pending on the term that influences the production rate; S=is
a coefficient that modulates the influences of the velocity term
within the model. by implanting the curve fitting techniques
such as least square regression, the model constant
C,a and ) are optimized using actual filed data. Thus, this
enables the model to adapt dynamics to real-time production
conditions, thereby improving the precision of liquid loading
predictions.

2.2.10. Final Equation and Application in
Simulation

The final transient flow in Equation (7) used in the simu-

lation is:
¥ = C.Pratio-€™% + B.Vratio (7

The equation provides a practical approach for modeling
time-dependent pressure decline without the need to solve
complex partial differential equations (PDES). It shows espe-
cially valuable performance in gas well analysis be enabled by
engineers [12]:

1) To evaluate historical pressure behaviors to detect signs

of liquid loading
2) Predict future well behaviors using real-time data inputs
3) Optimize the production parameters with tactical dy-
namic adjustment

Additionally, the facility's historical matching where actual
data filed is used fine tune parameters (C, a, B) for generative
predictive accuracy. By solving this equation, engineering
gains critical insight into the transient pressure behavior of
gas condensate wells. This predictive performance allows for
early liquid loading detection and supports proactive deci-
sion-making to maintain optimum well performance.
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Figure 4. Actual Flow Rate against Simulated Flow Rate.

2.2.11. Model Evaluation

In this study, graphical analysis techniques were used to
visually evaluate the accuracy and reliability of the newly
developed correlation. The main approach employed was the
cross-link method, which facilitates a straight forwarded
evaluation among the actual and predicted values providing
clear insights into the model's performances [13]. Three
widely recognized statistical metrics Average Relative Error
(ARE), Average Absolute Relative Error (AARE) and Root
Mean Squared Error (RMSE) were employed to support the
visual analysis and quantitative analysis to evaluate the cor-
relation accuracy. The statistics are well-regarded for their
effectiveness in determining the prediction accuracy and
identifying deviation between the model and actual data [14].
Together, the graphical and statistical evaluation offered a
thorough validation framework, demonstrating the new cor-
relation’s advantage over existing models.

3. Results and Discussion

This section provides detailed results and a discussion of
key findings.

3.1. Modelling and Simulation

The contrast between actual and simulated flow rate values
is illustrated in Figure 4. The evaluation of the simulation
model’s ability to represent the liquid loading behavior in gas
condensate wells. The scatter plot shows how the model
successfully captures the general procedure. There are sub-
stantial unconventionalities between the simulated and the
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predicted values, which suggest a very weak interconnection
between the operational parameters. This deviation suggested
that the model has difficulty accurately replicating the com-
plex dynamic of the liquid loading in real field data conditions.
The main contributing factors were oversimplified assump-
tions, modeled external variables and uncertainty in the input
variables [15].

The model may not adequately represent some factors in
the gas condensate reservoir such as reservoir heterogeneity,
well dynamics and fluid characteristics due to their complex-
ity [16]. These discoveries highlight the need for improved
model calibration to exhibit a good account of real-world
variability.

3.2. Machine Learning Algorithm

Comparative analysis of the actual flow rate with the pre-
dicted flow rate as shown in Figure 5 which was developed by
a machine learning model that provides a critical evaluation of
the model performance in liquid loading prediction in gas
condensate wells. This contrast offers a reasonable insight
into the developed machine learning model's predictive ca-
pacity and its robustness across varying operational condi-
tions.

As shown in Figure 5. Strong agreement between the actual
and predicted values which indicated by the figure a very
closely clustering data point around the red dash line. This
indicated the effectiveness in capturing the complex, nonlin-
ear model reliable in identifying the underlying production
trends, this makes the ML model more valuable for accurate
prediction and optimization of good performances [17].

The machine learning model demonstrates a significant
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improvement in predictive accuracy compared to the tradi-
tional methods previously evaluated which indicates devia-
tions from actual filed data. The ML model successfully
minimizes these disparities, providing greater simplification
accuracy where the traditional methods fail to capture the
intricate dynamic of the liquid loading [12]. This improve-
ment highlights the potentiality of the model as a reliable tool
for predicting liquid loading. The model was able to demon-
strate a promising performance based on the statistical metrics,

]

[

Actual Flow Rate (m?/s)

additional validation is required to check the datasets assessed
its robustness across varying well conditions. Factors such as
reservoir property changes, operational parameters, envi-
ronmental conditions, and equipment performance impact
prediction accuracy. To confirm the reliability and the ap-
plicability of the model across different production scenarios,
confirming its adaptability is crucial [18]. Enhancing the
dataset and integrating real-time production data, will further
improve the model's accuracy and practical effectiveness.

B ! B

Devealopad ML Flow Rate (m/s)

Figure 5. Actual Flow Rate against Developed Machine Learning Algorithm.

3.3. Performance Evaluation

The evaluation performance metrics summarized in Table 3
such as Mean Squared Error (MSE), Root Mean Squared
Error (RMSE) and the Coefficient of Determination (R?)
provide a very rigid assessment of the developed ML model in
accurately predicting liquid loading behaviour in a gas con-
densate well.

Table 3. Performance Metrics of the Developed Machine Learning
Algorithm.

SIN  Name MSE RMSE R?
1. Simulation Approach 1725  1.2389 0.8596
5 Machine Learning Algo- 1561 1.1293 0.995

rithm

The developed machine learning algorithm demonstrated
superior predictive performance across all metrics assessed
with corresponding values of MSE and RMSE of 1.561 and
1.2389 respectively both lower than those obtained from
simulation approach (1.725 and 1.2389), the model exhibits a
very accurate approximation of true flow behaviors. Lower
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values of MSE and RMSE are preferred as they indicate small
average squared and absolute prediction errors [19].

However, the model was able to achieve an R? value of
0.995, suggesting it explains 99.5% variances. This reflects an
exceptionally strong correlation and high predictive reliability.
In comparison with the R2 value from the simulated flow rate
(0.8596), this indicates a weaker relationship and highlights
the limitation of conventional modeling techniques in fully
capturing complex flow dynamics [8].

These findings align with earlier research emphasizing the
shortcomings of conventional simulation approaches in
modeling the nonlinear and multivariable interaction charac-
teristics of liquid loading in gas condensate wells. In contrast,
the developed ML models exhibit the capability of learning
from complex datasets, identifying latent patterns and gener-
alizing effectiveness to need invisible conditions [1].

Furthermore, the model indicated lower error margins with
high explanatory power positions with simplified as promis-
ing tools for operational decision-making in flow behaviors
and prediction. It holds promise performance for optimizing
the operational parameters in gas well performance and pro-
active identifying liquid loading scenarios. However, as em-
phasis according to Paroha [20], Additional refinement and
integration of real-time production data remain essential to
ensure consistent performance across diverse field operational
conditions.
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3.4. Future Prediction of Liquid Loading

Future Prediction of Liquid Loading Occurrence

70

Velocity (m/s)

10

250 500 750

Gas Velocity (V_g)
Turner's Critical Velocity (V_c)

1000 1250 1500 1750

Time (Days)

Figure 6. Liquid Loading Future Prediction.

Figure 6 shows the projected occurrence of liquid loading,
providing valuable perception into the developing behaviors
of gas velocity (Vg) over time and its critical, relationship
with turner’s velocity (Vc¢) A widely accepted benchmark for
assessing liquid loading risk in gas well. As illustrated in the
figure, gas velocity follows a typical exponential decline
pattern, starting at a relatively high value and progressively
decreasing over time. These findings are consistent with
fundamental reservoir dynamics, where gas production rates
decline over time due to reservoir pressure depletion and
increased resistance to fluid flow [21].

The most notable observation in the graph is the intersec-
tion point where the gas velocity (Vg) falls below Turner’s
critical velocity (Vc), marking a significant beginning defined
by Turner's criterion. As noted according to Liu, et al. [22] As
noted according to Turner determined the gas velocity must
exceed the minimum value (Vc) for effective gas flow to
transport liquid droplets to the surface which is influenced by
the fluid properties such as gas and liquid densities and sur-
face tension. The loading of liquid happens when the Vg
drops below Turner critical velocity, then the upward forces
are no longer sufficient to overcome the gravitational setting,
leading to accumulation at the wellbore.

The liquid loading is predicted to occur between 400 and
500 of the production according to the simulation results.
These prediction windows are operationally significant while
providing a timely opportunity to develop preventive strate-
gies such as artificial lift methods such as plunger and gas lift
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wellhead pressure optimization. These interventions are crit-
ical not only to minimize production losses but also to extend
the economic viability of the well [23].

Additionally, the developed ML model's capability to sim-
ulate this transition phase with a clear data-driven approach
demonstrates its readiness as a decision-making tool for the
field of engineers. Unlike the conventional reactive strategies
that respond only after liquid loading disrupts production, this
predictive model enables proactive planning by anticipating
performance shifts before critical limits are reached. However,
the newly developed model offers strong theoretical insights,
and further validation using real-world production data as it is
essential for enhancing the accuracy and accounting for
field-specific variables such as reservoir heterogeneity, com-
pletion design and transient flow dynamics [23].

3.5. Comparative Analysis

The comparative analysis of different modeling approaches,
as summarized in Table 4, indicates the trade-offs between
predictive accuracy, computational efficiency, and data re-
quirements in predicting liquid loading in gas condensate
wells. The new machine learning algorithm developed in this
study outperforms all other evaluated models achieving an
RMSE of 1.1293Mscf/d and R? of 0.997. The developed ML
model algorithm exhibits strong performance compared to the
other alternative approaches such as Hybrid Machine Learn-
ing Model (RMSE =2.8639Mscf/d, R?=0.9778) and Feed
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Forward Neural Network (R?=0.9833), shows the model ef-
fectiveness in dealing with liquid loading dynamic with rela-
tively streamline architecture and moderates data demand [6,
23].

However, each of the models demonstrated its own
strengths and weaknesses. The developed IAOM model is
valued for its integration with real-time diagnostics but re-

quires intensive calibration and substantial data preparation
[21]. XGBoost exhibited effective identification of onset
liquid loading but highly depends on quality date training
availability [22]. While the Feed-Froward Neural Network
and Hybrid model prove strong predictive capabilities they
are limited by high computational cost and the need for large
datasets.

Table 4. Comparative Analysis of Different Methods of Predictions against Developed New Algorithm for Machine Learning.

Model Type Strengths

IAOM Framework

XGBoost Algorithm

Feed-Forward Neu-

icti ili =
ral Network Excellent predictive capability (R==0.9833)

Hybrid Machine
Learning Models

Developed a new
machine-learning
algorithm

3.6. Practical Implication

The new ML algorithm developed for predicting liquid
loading in gas condensate well proves a significant practical
benefit by improving the production efficiency while sup-
porting proactive operational decision-making, with strong
predictive accuracy (RMSE=1.1293Mscf/d, R*= 0.997) with a
minimal computational demand, the model well-matched for
real-time monitoring and can be seamlessly integrated into
existing digital oilfield infrastructures. It exhibits a straight-
forward design, coupled with performance. Offers a clear
advantage over more complex and data-intensive alternatives
[27]. Furthermore, its versatile adaptability makes it suitable
for diverse field conditions for valuable managing mature
well and marginal fields. Although the model accuracy highly
depends on quality data input, advancement in modern sensor
technologies is increasingly addressing these challenges by
making the algorithm practical and scalable for field imple-
mentation [28].

4. Conclusion

In conclusion, this study highlights the effectiveness and
practical significance of the newly developed machine
learning algorithm for predicting liquid loading in gas con-
densate well through the flowing key findings.

Real-time diagnostics, integration with digital platforms

High accuracy in predicting the onset of liquid loading

High accuracy (RMSE = 2.8639Mscf/d, R== 0.9778)

Very high accuracy (RMSE = 1.1293Mscf/d, R== 0.997)
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Limitations References
Requires accurate calibration, [24]
data integration efforts
Performance dependent on

L - [25]
training data quality
High computational resource [26]
requirements
Complex model development, [6]

need for large datasets

and the model's
simplicity

Performance depends on the
quality of data

1) Summary of findings; The newly developed machine
learning algorithm was able to achieve a lower Mean
Squared Error (MSE) of 1.561 and Root Mean Square
Error (RMSE) of 1.1293, surpassing the actual flow rate
baseline (MSE=1.725, RSME = 1.2389) this indicating
more precise flow behaviors prediction. The model
produced an R=2value of 0.995, demonstrating that it
explains 99.5% of the variance in actual flow rate data.
This is significantly higher than the 0.8596 R=achieved
using traditional or baseline methods. The newly de-
veloped machine learning algorithm outperforms pre-
vious models by achieving the highest accuracy (RMSE
=1.1293Mscf/d, R== 0.997) with a simpler architecture.
Despite high data quality requirements, this model was
able to balance the performances and usability better
than more complex hybrid models, which required
larger datasets and a more intricate development pro-
Cess.

2) Implication; The model exhibited efficient integration with
low computational demands and streamlined design to
work perfectly into existing digital oil field systems, which
makes it a practical and scalable tool for real-time applica-
tion. They demonstrate strong accuracy and reliability that
make them suitable for field deployment, supporting pro-
duction prediction in oil wells. Also indicated performance
optimization and early liquid loading detection that will
enhance well management.

3) Limitations; Data quality issues such as missing values,
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noise, or class imbalance introduce bias and require
extensive preprocessing, increasing implementation
complexity. Computational constraints restrict the use of
resource-intensive algorithms, particularly in real-time
systems with limited processing capabilities. Addition-
ally, models trained on historical data often fail to adapt
to new or evolving datasets, necessitating frequent re-
training. Finally, domain-specific challenges, such as the
dynamic conditions in oil and gas production, frequently
require hybrid physics-informed ML approaches that are
more complex to develop and validate than standard
data-driven methods. Other limitations may include
model dependency on high-quality data, risk of over
fitting, generalization to other wells/reservoirs.

4) Future work; future research should focus on developing
an intelligent decision support system that not only de-
tects liquid loading but also recommends mitigation
strategies in real time. This system would integrate pre-
dictive analytics with prescriptive optimization to
transform early warnings into actionable solutions.

5. Recommendations

The following were discovered from the research that

1) Oil and gas companies should integrate real-time data
acquisition systems into well monitoring.

2) Machine learning models should be incorporated into
existing well management frameworks to improve pre-
diction accuracy.

3) Operators should use predictive insights to adjust well-
head pressure, gas lift systems, and optimize production
strategies before liquid loading occurs.

4) Advanced sensor-based monitoring should be deployed
to ensure continuous data collection for better deci-
sion-making.

Abbreviations

ML Machine Learning

MSE Mean Squared Error

RMSE  Root Mean Squared Error

R? Coefficient of Determination
STB Stock Tank Barrel

FFNN  Feed Forward Neural Networks
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