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Abstract

Modeling fractional flow curves accurately is essential for optimizing reservoir performance and improving hydrocarbon
recovery. This study introduces a robust analytical framework utilizing advanced computational techniques to predict fractional
flow behavior. The model leverages Gradient Boosted Decision Trees (GBDT) and integrates key physical parameters such as
water saturation, viscosity ratios, and relative permeability. The performance of the proposed framework was evaluated using
data from reservoir simulations and experiments. The model demonstrated high predictive accuracy, achieving a Root Mean
Square Error (RMSE) of 0.005, a Coefficient of Determination (R?) of 0.99, and a Mean Absolute Percentage Error (MAPE) of
1%. Compared to conventional fractional flow models based on Buckley-Leverett theory, which yielded an RMSE of 0.16 and
a MAPE of 12.8%, the new approach showed significant improvement. Additionally, it outperformed other computational
approaches, including Random Forest (RMSE: 0.02, MAPE: 10.4%) and Artificial Neural Networks (RMSE: 0.016, MAPE:
6.0%), providing both enhanced accuracy and consistency. A sensitivity analysis confirmed the robustness of the model across a
range of viscosity ratios, showing strong alignment with physical principles, such as shock front behavior and saturation
constraints. The practical utility of this model lies in its ability to accurately predict fractional flow under varying conditions,
bridging gaps between analytical methods and data-driven techniques, while remaining computationally efficient. This
development enhances the tools available for reservoir engineers, offering new insights for waterflooding strategies, enhanced
oil recovery (EOR), and other multi-phase flow applications, with direct relevance to field operations.
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1. Introduction

Fractional flow curve description is the essence of multi- on Buckley—Leverett theory, describe fluid front behavior,
phase fluid displacement in porous media, directly influencing breakthrough times, and sweep efficiency. Analytical solu-
reservoir management practices like waterflooding and en-  tions, however, are usually not able to describe the intricacies

hanced oil recovery (EOR). [19] Fractional flow curves, based ~ of actual reservoir conditions like heterogeneous permeability,
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capillary pressure effects, and location-dependent mobility ra-
tios.

Over the past decade, data-driven methods, i.e., machine
learning (ML) models, have proven to be strong tools for en-
hancing the accuracy of prediction in complicated reservoir
systems. By combining vast amounts of data and sophisticated
algorithms, such models are capable of identifying patterns
and nonlinear correlations that classical approaches may not
recognize. Of these methodologies, Gradient Boosted Deci-
sion Trees (GBDT) have proven to be popular options because
they are capable of dealing with high-dimensional data, iden-
tifying intricate interactions, and producing solid predictions.

The focus of this work is to recommend an analytical frame-
work with GBDT to obtain high-precision fractional flow
curves. The devised model utilizes standout reservoir proper-
ties such as water saturation, viscosity ratio, and relative per-
meability as an attempt at being physically compliant. Further-
more, the model's performance is compared with conventional
models and other ML-based methods of Random Forest and
ANNS s as well for making its predictability superiority as well
as usability credentials.

By obtaining smaller error measures and signs of stability
with sensitivity analyses, this research contributes to data-
driven methods in reservoir engineering. The results of this
research can be used to give smart suggestions for optimizing
waterflooding operations, enhancing EOR efficiency, and fa-
cilitating data-driven decision-making in complicated reser-
voir operations.

1.1. Theory of Study

Fractional flow theory is a fundamental concept in multi-
phase flow dynamics, particularly in the context of water-
flooding and enhanced oil recovery (EOR) processes. [11] It
describes the relationship between water saturation and the
proportion of water in the total fluid flowing through a porous
medium. [15] The concept was first introduced by Buckley
and Leverett [1], who developed a mathematical model for
one-dimensional, immiscible displacement in porous media.
Their work laid the foundation for understanding fluid front
behavior during displacement processes.

The fractional flow of water (f,,) is defined as the ratio of
the water flow rate to the total flow rate:

_ _aw _ 1
fw = e = Tomemw (1)
Krwlo

where:

fw = fractional flow of water

q,, = water flow rate (m?/s)

q,= oil flow rate (m?*/s)

Kro, K= relative permeabilities of oil and water (unitless)

Ko, iy, = Viscosities of oil and water (cP)

The equation highlights the impact of relative permeabili-
ties and fluid viscosities on the fractional flow behavior im-

pact of relative permeabilities and fluid viscosities on the frac-
tional flow behavior. [7] According to Dake, relative permea-
bility functions are critical in determining how effectively wa-
ter displaces oil in the reservoir. [2].

1.2. Buckley-Leverett Theory and
Waterflooding Front

The Buckley—Leverett theory describes the propagation of
a saturation front in a linear reservoir during waterflooding.
The solution to the Buckley—Leverett equation yields the frac-
tional flow curve and the saturation profile, which are essen-
tial for understanding breakthrough behavior and sweep effi-
ciency essential for understanding breakthrough behavior and
sweep efficiency. [4] The water saturation profile is obtained
from the fractional flow derivative, known as the fractional
flow gradient:

af, Krw
w Uw

= Krw  Kro 2) (2)
4 sw Cow "o

where s, is the water saturation to support pressure-frac-
tional flow relationship. [15].

Welge introduced a graphical technique to determine water
breakthrough and recoverable oil based on the fractional flow
curve [3]. This method involves plotting the tangent to the
fractional flow curve to estimate the average water saturation
at breakthrough.

2. Literature Review

Recent advancements in fractional flow theory modeling
have focused on addressing traditional limitations through
data-driven and physics-informed approaches enhancing the
accuracy of prediction in complicated reservoir systems. [12]
Buckley and Leverett provided foundational insights into fluid
displacement in porous media. However, their assumptions of
homogeneous media and linear flow limit applicability in real
reservoirs [1]. Fadairo et al. introduced a novel analytical
model, integrating production data to enhance fractional flow
predictions [5], integrating production data to enhance frac-
tional flow predictions. [9]. Additionally, Zhao et al. employed
physics-informed neural networks (PINNs) to improve accu-
racy in multiphase flow simulations with sparse data. [20, 21].

Recent research on reduced-order modeling (ROM) for res-
ervoir simulation has emphasized the development of surro-
gate models to address computational challenges. [22] Tradi-
tional models often lack integration with physical knowledge,
limiting their generalization capabilities. Nagao et al. pro-
posed a physics-informed spatial-temporal neural network
(PI-STNN) that incorporates flow theory into its loss function
and combines a deep convolutional encoder-decoder (DCED)
with a convolutional long short-term memory (ConvLSTM)
network [6]. This model demonstrated superior accuracy and
robustness compared to purely data-driven approaches and the
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Fourier neural operator (FNO), particularly in heterogeneous
and fractured reservoirs. The PI-STNN also enabled efficient
uncertainty quantification, supporting faster and more in-
formed decision-making in oil and gas development. [24] This
work highlights the potential of integrating physical principles
with machine learning to enhance reservoir simulation. [13].

Zhou et al. reviewed machine learning applications in res-
ervoir engineering, emphasizing XGBoost for key parameter
prediction and flooding optimization [20]. XGBoost’s ability
to handle missing data and control overfitting made it highly
effective in CO: flooding design, achieving superior perfor-
mance over traditional models [20]. Gao et al. combined
XGBoost with Particle Swarm Optimization (PSO) for CO-
flooding parameter design, demonstrating its advantage in
predicting minimum miscibility pressure and optimizing in-
jection schemes [28]. These studies highlight XGBoost’s effi-
ciency and adaptability in petroleum engineering.

Researchers have gone into advanced fractional flow mod-
eling using data-driven and physics-informed approaches. [27]
These advancements reflect a shift toward hybrid models that
integrate physical knowledge with machine learning, offering
more accurate and interpretable solutions for reservoir engi-
neering challenges. [10].

3. Methodology

The aim of this study is to develop a robust data-driven ap-
proach for predicting fractional flow curves, utilizing machine

3.2. Exploratory Data Analysis
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learning models, including GBDT (XGBoost), Random Forest,
and ANN. [13] A systematic workflow was implemented, cov-
ering data preprocessing, model training, and performance
evaluation. This section provides an overview of the machine
learning techniques employed, highlighting their mechanisms
and contributions to the results analyzed later.

3.1. Acquisition and Description of Dataset

The dataset for this study was gotten from published
sources, covering key reservoir engineering parameters rele-
vant to fractional flow modeling. [23] Experimental data for
water saturation, relative permeability, viscosity ratio and
fractional flow were obtained based on the findings of Ren et
al [8]. The results from Ren et al were simulated to create a
3569 data points with 6 quantitative variables, setting up a su-
pervised regression task to enhance fractional flow curve
modeling. Input features include water saturation, viscosity
ratio, relative permeabilities for water and oil, permeability ra-
tio. The target variable, fractional flow, is modeled as a func-
tion of these input parameters to capture varying wettability
effects, capillary-driven flow, and mobility transitions. The
dataset's structure makes it well-suited for training Gradient
Boosted Decision Trees (GBDT) to improve fractional flow
predictions.
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Figure 1. Heatmap illustrating correlation of features.
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The heatmap (Figure 1) displays the correlation between
key parameters affecting fractional flow in two-phase flow
within porous media. A strong positive correlation (close to +1)
is observed between water saturation and water relative per-
meability (0.96), as well as oil relative permeability and vis-
cosity ratio (0.96), indicating that as water saturation increases,
water mobility also increases, while oil mobility decreases.
Conversely, there is a strong negative correlation between wa-
ter saturation and oil relative permeability (-0.96) and between
viscosity ratio and water relative permeability (-0.96), sug-
gesting that increased water saturation reduces oil flow capac-
ity. Fractional flow is highly correlated with water saturation
(0.97) and negatively correlated with oil relative permeability
(-0.99), which aligns with Buckley-Leverett theory predic-
tions. The permeability ratio shows moderate influence on
other variables, indicating its role in controlling flow behavior
but not being the primary driver. The heatmap confirms ex-
pected fluid flow relationships in immiscible displacement
processes.

Table 1 provides statistical insights into key parameters in-
fluencing fractional flow in two-phase flow systems. Water
saturation has a mean of 0.50 with a standard deviation of 0.17,
ranging from 0.2 to 0.8, indicating moderate variability. The
viscosity ratio varies significantly, with a mean of 3.0 and a
high standard deviation of 1.8, suggesting diverse fluid vis-
cosity contrasts. Relative permeability to water and oil both
have identical means of 0.17 but exhibit large variations, with
maximum values of 0.51 and minimum values as low as 0.008,
reflecting strong dependence on saturation. The permeability
ratio has a notably high maximum value of 64.1 but a small
standard deviation (0.016), implying that most data points
cluster near the mean (6.72). Lastly, fractional flow averages
0.65 with a low standard deviation of 0.06, ranging from 0.31
to 1.00, indicating that flow conditions are generally stable.
This substantial variation emphasizes the complexity of mul-
tiphase flow behavior, making the dataset well-suited for ad-
vanced fractional flow curve modeling.

Table 1. Descriptive summary of dataset.

. . . . Relative Permeabil- Relative Permea-  Permeability .
Water Saturation Viscosity Ratio ity- Water bility- Oil Ratio Fractional flow
Mean 0.50 3.0 0.17 0.17 6.72 0.65
Max 0.8 4.2 0.51 0.51 64.1 1.00
Min 0.2 0.69 0.008 0.008 12.46 0.31
Std 0.17 1.8 0.15 0.15 0.016 0.06

3.2.1. Data Processing

Outliers were identified based on extreme values in water sat-
uration, relative permeabilities for water and oil, and fractional
flow. These outliers were handled using a combination of capping
at the 99th percentile and log transformation for highly skewed
values. The dataset contained a total of 3569 data points, which
were split into 80% for training and 20% for testing to ensure a
balanced evaluation. Additionally, missing values were imputed
using mean or median values where necessary, and data normal-
ization was applied to scale the features between 0 and 1. These
pre-processing steps ensured a clean and well-structured dataset
for accurate fractional flow modeling using machine learning
techniques. These pre-processing steps ensured a clean and well-
structured dataset for accurate fractional flow modeling using
machine learning techniques.

3.2.2. Model Development

In fractional flow curve modeling, machine learning models
such as Gradient Boosting Decision Trees (GBDT), Random

Forest (RF), and Artificial Neural Networks (ANN) are in-
creasingly utilized due to their ability to handle complex, non-
linear relationships in reservoir data. GBDT, an ensemble
learning technique, builds models iteratively by correcting er-
rors from prior iterations, making it highly effective for cap-
turing intricate patterns in fluid displacement data. Its robust-
ness against overfitting and capability to work with limited
datasets make it a valuable tool for predicting fractional flow
curves and analyzing the impact of reservoir parameters on
production performance [16].

Random Forest (RF), another ensemble-based approach,
constructs multiple decision trees and aggregates their outputs
to improve prediction accuracy and stability. RF is particularly
well-suited for fractional flow modeling as it can handle high-
dimensional data and identify the relative importance of vari-
ous reservoir features influencing fluid saturation and recov-
ery. This model’s versatility allows researchers to assess the
interplay of multiple factors affecting fluid flow while mini-
mizing the risk of overfitting [17]. On the other hand, Artifi-
cial Neural Networks (ANN) excel at capturing nonlinear re-
lationships by mimicking the structure of biological neural
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networks. ANN is particularly effective in predicting frac-
tional flow behavior under varying conditions due to its ability
to learn from historical data and generalize for future scenar-
ios [25], making it indispensable for optimizing reservoir
management strategies [18, 26].

The integration of GBDT, RF, and ANN into fractional flow
curve modeling enhances the accuracy and reliability of predic-
tions, enabling better decision-making in reservoir engineering.
These models provide complementary strengths: GBDT excels at
iterative learning from limited datasets, RF offers interpretability
and stability in high-dimensional spaces, and ANN provides un-
matched flexibility in capturing nonlinear trends. Together, they
form a robust framework for developing representative fractional
flow curves that account for complex reservoir dynamics, ulti-
mately improving oil recovery predictions and informing effec-
tive reservoir management practices.

3.2.3. Model Evaluation Metrics

In our regression analysis, we employed three key evalua-
tion metrics to assess the performance of our supervised mod-
els: Root Mean Square Error (RMSE), Coefficient of Determi-
nation (R?), and Mean Absolute Percentage Error (MAPE).
Each metric offers distinct insights into model accuracy and
predictive reliability.

(i). Root Mean Square Error (RMSE)

RMSE quantifies the standard deviation of prediction errors,
measuring how much predicted values deviate from actual
values. It is mathematically defined as:

RMSE = \/%Z?ﬂ(yi —9)? 3)

This metric is particularly useful in rock-fluid applications,
where large errors must be minimized due to their significant
impact on results. RMSE is sensitive to large errors, making it
an essential criterion for evaluating model robustness.

(ii). Coefficient of Determination (R?)

The R? metric, or coefficient of determination, indicates the
proportion of variance in the dependent variable that can be
explained by the independent variables. It serves as a measure
of the model’s goodness of fit, ranging from 0 to 1, where 1
signifies a perfect fit. It is calculated as:

2 _ g _ L 0imw)?

R =15 o @
A higher R? value signifies a better-fitting model, enhancing

confidence in its predictive capability.

(iii). Mean Absolute Percentage Error (MAPE)

MAPE evaluates prediction accuracy by measuring the av-
erage absolute percentage error between actual and predicted
values. It is a scale-independent metric, making it particularly
useful for comparing models across different datasets. The
formula is:

100% |yi—yAz|
vi

MAPE = —,, Zi=1 (5)

Since MAPE expresses errors as a percentage, it provides
an intuitive understanding of model performance relative to
the scale of the data.

4. Result and Discussion

4.1. Traditional Model Performance

The result of the traditional Buckley-Leverett equation
showed a coefficient of correlation value of 0.73, mean aver-
age percentage error of 12.8% and root mean square error
value of 0.16 on the experimental data. Figure 2 shows an ac-
tual vs predicted value plot to demonstrate the result.
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Figure 2. Predicted Vs Actual Plot for Buckley-Leverett Model.
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Advanced Models Results and Performance Assessment

Table 2 displays the cross-validation results for all models
used in this study, along with their performance on the train-
test split. The performance of the three machine learning mod-
els—XGBoost, Random Forests, and Artificial Neural Net-
works (ANN)—was evaluated using R?, RMSE, and MAPE
across the training, 5-fold cross-validation, and test sets. The
model performance evaluation confirms that XGBoost deliv-
ers superior predictive accuracy and generalization capability
compared to Random Forest and Artificial Neural Network
(ANN) models. XGBoost achieves the highest R? scores (0.99

for training, 0.99 for cross-validation, and 0.98 for testing),
indicating an excellent fit with minimal errors. Its RMSE and
MAPE values remain consistently low across all datasets,
highlighting its robustness. While Random Forests and ANN
also perform well, Random Forests exhibit slightly lower R?
values (0.96 for training and testing, 0.95 for cross-validation)
and higher RMSE and MAPE, suggesting sensitivity to train-
ing data. ANN shows reasonable performance, with an im-
proved cross-validation R? of 0.97, but slightly higher errors
than XGBoost. XGBoost emerges as the most reliable and ac-
curate model for predicting fractional flow.

Table 2. Model Evaluation Result.

Train set
Model

R? RMSE MAPE
XGboost 0.99 0.002 0.005
Random Forests 0.96 0.019 0.097
Artificial Neural Network 0.95 0.012 0.04

The comparative analysis (Figure 3) of predictive models
for fractional flow reveals that XGBoost outperforms both
Random Forest and Artificial Neural Networks (ANN) in ac-
curacy and consistency. The XGBoost predictions exhibit a
near-perfect alignment with the actual fractional flow values,
demonstrating minimal deviation and high precision. In con-
trast, the Random Forest model shows a staircase-like pattern,
indicating overfitting to discrete training data points, which

XGBoost Predictions

Random Forest Predictions

5-fold cross validation Test set

R? RMSE MAPE R? RMSE MAPE
0.99 0.005 0.010 0.98 0.005 0.010
0.95 0.02 0.104 0.96 0.02 0.100
0.97 0.016 0.06 0.96 0.011 0.03

may limit its generalization ability. The ANN predictions,
while closely following the actual values, display slightly
more scatter compared to XGBoost, suggesting minor incon-
sistencies in capturing complex nonlinear relationships.
XGBoost proves to be the most robust and reliable model for
predicting fractional flow with high accuracy and minimal er-
ror.
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Figure 3. Predicted Vs Actual Fractional Flow Values.

4.2. Sensitivity Analysis

The XGBoost model demonstrates strong robustness in pre-
dicting fractional flow under varying reservoir conditions, as

evidenced by the sensitivity analysis charts. The model exhib-
its smooth and expected trends in response to perturbations in
oil relative permeability, water relative permeability, and vis-
cosity ratio, indicating that it accurately captures reservoir


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

International Journal of Oil, Gas and Coal Engineering

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

flow behavior. The logical sensitivity responses—such as de-
creasing fractional flow with increasing oil relative permea-
bility and increasing fractional flow with higher water relative
permeability—align with fundamental reservoir engineering
principles. [14] Additionally, the model remains stable around
the baseline, with no drastic deviations, showing resilience to
minor changes in input parameters and mitigating risks of

Sensitivity te Oil_Relative_Permeability

Sensitivity to Water_Relative_Permeability

overfitting. The controlled variability in predictions further re-
inforces the model’s reliability, ensuring that it provides real-
istic outputs across different perturbation levels. These char-
acteristics highlight the XGBoost model’s capability to gener-
alize well and maintain predictive accuracy in fractional flow
modeling.
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Figure 4. Sensitivity analysis plot.
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5. Conclusion and Recommendation

The result of this study underscores the transformative po-
tential of data-driven techniques, particularly Gradient
Boosted Decision Trees (GBDT), in advancing fractional flow
modeling for reservoir engineering applications. By integrat-
ing key reservoir parameters such as water saturation, viscos-
ity ratio, and relative permeability, the proposed GBDT-based
framework demonstrated superior predictive accuracy com-
pared to traditional Buckley-Leverett models and other ma-
chine learning approaches, including Random Forest and Ar-
tificial Neural Networks (ANN). The model achieved a Root
Mean Square Error (RMSE) of 0.005, a Coefficient of Deter-
mination (R?) of 0.99, and a Mean Absolute Percentage Error
(MAPE) of 1%, significantly outperforming the traditional
method and other computational approaches. By leveraging
the strengths of GBDT, this work contributes to the growing
body of research on physics-informed machine learning in res-
ervoir engineering, paving the way for more accurate and ef-
ficient reservoir management practices.

Conclusively, to facilitate widespread adoption and en-
hance practical utility, user-friendly software tools or plat-
forms should be developed, allowing reservoir engineers to
easily implement the GBDT-based fractional flow model,
complete with visualization features for fractional flow curves
and sensitivity analysis. Given its superior performance in
handling high-dimensional data, capturing nonlinear relation-
ships, and providing accurate predictions, Gradient Boosted
Decision Trees (GBDT) should be adopted as a standard tool
for fractional flow curve modeling in reservoir engineering.

Additionally, the model's computational efficiency makes it a
strong candidate for real-time reservoir monitoring and man-
agement, and future studies should focus on integrating real-
time production data to enable dynamic updates of fractional
flow predictions, thereby facilitating proactive decision-mak-
ing and optimizing reservoir operations.

Abbreviations

ANN Artificial Neural Network

cP Centipoise (Unit of Viscosity)

DCED Deep Convolutional Encoder-Decoder

EOR Enhanced Oil Recovery

FNO Fourier Neural Operator

GBDT Gradient Boosted Decision Trees

MAPE Mean Absolute Percentage Error

ML Machine Learning

PI-STNN Physics-Informed Spatial-Temporal Neural

Network

PINN Physics-Informed Neural Network

PSO Particle Swarm Optimization

R? Coefficient of Determination

RF Random Forest

RMSE Root Mean Square Error

ROM Reduced-Order Modeling

XGBoost Extreme Gradient Boosting
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