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a b s t r a c t

Waterflooding persists as the primary secondary oil recovery method, although its efficiency evaluation
is often hindered by limitations from reservoir heterogeneities alongside non-uniform sweep efficiency
and uncertainty in predicting well-to-well connectivity. To improve the evaluation of waterflooding, this
research develops and validates nine advanced machine learning models, covering key types such as
neural networks, linear models, tree-based models, ensemble learning, and support vector machines.
This research utilized a dataset of 6592 observations collected across four wells over 2000 days to train
and evaluate these machine learning models for fluid production rate forecasting and injector-producer
connectivity assessments. The most successful model was AdaBoost since it delivered both a minimum
root mean squared error (RMSE) of 0.004 and a coefficient of determination (R2) of 0.99, surpassing
traditional methods. Furthermore, SHapley Additive Explanations (SHAP) analysis provided interpret-
ability by quantifying injection wells’ relative influence on production rates, facilitating the construction
of a connectivity-driven contour map. Traditional evaluation methods of empirical and analytical ap-
proaches, as well as capacitance-resistance models and numerical simulators, function under restrictive
assumptions, extensive computational requirements, and significant data demands. This study is novel
in uniting multiple ML algorithms with SHAP interpretability and a connectivity-driven contour map for
injector–producer dynamics, providing a practical, real-time workflow for field-scale waterflood opti-
mization. The results of this study demonstrate that ML models surpass traditional methods in terms of
predictive accuracy, computer processing speed, and scalability when applied for real-time waterflood
optimization. This study illustrates the transformative potential of ML in reservoir engineering by
enabling data-driven decision-making and improving the injection optimization process.

© 2026 Chinese Petroleum Society. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY license (http://creativecommons.

org/licenses/by/4.0/).

1. Introduction

Water flooding operates as an essential method across the
petroleum industry because it stands among the most applied
secondary oil recovery techniques to sustain production and
recover additional hydrocarbons from reservoirs (Salehi et al.,
2014; Yuliansyah et al., 2021). Natural reservoir drive mecha-
nisms in primary recovery, such as solution gas drive, gas cap
drive, gravity drainage, or aquifer support, prove insufficient for
mature oil fields, thus resulting in production rate reductions

(Mokheimer et al., 2019; Ummah and Setiati, 2022). Typically, the
percentage of extractable oil from primary recovery ranges from
5% to 30% and leaves back substantial amounts of oil in place
(OOIP) (Yu et al., 2015). To address this challenge, water flooding
serves as an essential secondary recovery technique for managing
reservoir pressure while boosting the displacement of oil (Xue
et al., 2023). Water injection through targeted wells helps to sta-
bilize reservoir pressure and enables efficient water displacement
of oil from injection wells towards the producing wells (Wang
et al., 2023). Water flooding represents a highly preferred recov-
ery method due to its operational simplicity and economic feasi-
bility when used for conventional reservoirs (Shirazi et al., 2024).
Moreover, water flooding stands out against higher complexity
enhanced oil recovery (EOR) methods such as gas injection, steam
injection, or chemical flooding because it requires lower costs with
simple execution (Niedermaier Custodio and Carneiro, 2024).
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1.1. The importance of waterflood performance evaluation

The assessment of water flooding performance is crucial for
achieving optimal oil recovery and making development plans
economically viable (Arab et al., 2022). The extensive use of water
flooding does not ensure complete oil displacement because
reservoir heterogeneities combine with permeability variations
and unfavorable mobility ratios (Helmy et al., 2024; Wang et al.,
2022). Performance assessment is essential because insufficient
monitoring allows water to bypass vital oil reserves, which causes
both suboptimal outcomes and early water breakthrough (He
et al., 2021). Performance evaluation through proper engineering
practices allows engineers to track injection efficiency directly and
understand well connectivity, which enables optimized opera-
tional adjustments to enhance sweep efficiency and recover more
oil (Ding et al., 2021). A thorough understanding of water injection
responses from production wells enables engineers to detect
performance issues through channeling and conformance prob-
lems so they can apply treatment measures including rate ad-
justments, pattern alignment changes, and conformance control
solutions (Li et al., 2021). Effective water flooding operations
heavily depend on the proper connection between injection wells
and production wells (Patidar et al., 2022). Water flooding uses
injection wells to move displaced oil toward production wells, so
the strength of well connectivity determines both recovery effi-
ciency and oil sweep effectiveness as well as final reservoir results
(Muggeridge et al., 2014). The ultimate goal of water injection
should be to create equal distribution of fluid flow throughout the
reservoir space to drive oil accumulation to the production zone
(Ye et al., 2025). However, the unpredictable movement of injected
water occurs because of reservoir heterogeneities, including
permeability variations and high-permeability channels, together
with natural fractures and faults (Huang et al., 2021; Mohamed
et al., 2024b). These conditions produce inefficient displacement
and early water breakthrough (Yang and Urdaneta, 2016). There-
fore, analyzing injector-producer connectivity enables more effi-
cient optimization of water injection operations, improves sweep
efficiency, and reduces water production problems (Castillo
Gamarra et al., 2019).

1.2. Traditional evaluation methods

The traditional evaluation methods for water flooding perfor-
mance deliver essential information about water movement pat-
terns as well as reservoir sweep efficiency alongside the injection
response (Shi et al., 2021). Through these methods, engineers gain
the ability to measure injection effectiveness in addition to
determining forecasted production patterns and maximizing

reservoir operation efficiency (Wang et al., 2021). Material balance
analysis functions as the basic tool engineers use to understand
the complete behavior of reservoirs during fluid displacement
periods (Aleev et al., 2017). This technique helps reservoir engi-
neers determine future pressure support and assess reservoir
connectivity and potential recovery rates through volumetric cal-
culations and the recorded historical production data. Similarly,
DCA is commonly used for forecasting upcoming production pat-
terns through its analysis of the recorded production rate data that
fits different types of decline models, including exponential, hy-
perbolic, and harmonic decline (Batycky et al., 2017). These
methodswork effectively for reservoir performance evaluation but
do not successfully represent complex flow dynamics in hetero-
geneous reservoirs (Li and Horne, 2003).

Other traditional methods include the water-oil ratio (WOR)
analysis, which remains a vital traditional technique for tracking
water flood performance through water production pattern
recognition, early water breakthrough detection, and high-
permeability channel identification (Villamizar et al., 2013). In
addition, the Buckley-Leverett theory enables fractional flow and
streamline analysis to provide detailed insights about how water
injection displaces oil through porous media for timing break-
throughs and enhancing injection strategy optimization (Sumnu-
Dindoruk and Dindoruk, 2006). Moreover, tracer tests perform as
direct diagnostics through the monitoring of fluid movements
between injection wells and production wells, which reveals both
formation heterogeneity patterns and well interconnectivity
characteristics (Davidescu et al., 2021). However, these evaluation
methods inherit their main limitation from their assumption of
uniform reservoir characteristics and the need to use outdated
production data instead of dynamic interaction monitoring
(Haryanto et al., 2019). Most of these established procedures fail to
reveal explicit understanding about well-to-well connectivity and
do not handle complex reservoir heterogeneities that impact
breakthrough times during waterflooding operations (Dandan
et al., 2015).

The introduction of Capacitance-Resistance Models (CRMs)
serves as a semi-analytical approach that tries to address empirical
method limitations for water flooding performance evaluation
(Zhang et al., 2018). CRMs derive information about well connec-
tivity and reservoir responses by monitoring the collected rate
fluctuations of injection wells and production wells without
requiring knowledge of permeability or porosity (Alghamdi et al.,
2021). The reservoir appears as a linked system of holding cham-
bers when modeling it with CRMs, where fluid storage amounts
correspond to capacitance measures and flow barrier character-
istics correspond to resistance values (Sayarpour et al., 2009).
CRMs enable the analysis of productionwell responses to injection

Nomenclature

AdaBoost Adaptive boosting
CRM Capacitance resistance model
DCA Decline curve analysis
DT Decision trees
EOR Enhanced oil recovery
GB Gradient boosting
KNN K-Nearest Neighbor
L-BFGS Limited-memory - Broyden - Fletcher - Goldfarb -

Shanno optimization algorithm
LR Linear regression
MAE Mean absolute error

MAPE Mean absolute percent error
ML Machine learning
MSE Mean square error
NN Neural network
OOIP Original oil in place
R2 Correlation coefficients
RF Random Forest
RMSE Root mean square error
SGD Stochastic gradient descent
SHAP Shapley additive explanations
SVMs Support vector machines
WOR Water - oil ratio
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modifications, which leads to vital understanding regarding
injector-producer interconnection, time delays, and injection
performance metrics (Carpenter, 2020). CRMs demonstrate
important advantages over traditional empirical methods since
they use only rate data from injection and production wells to
determine interwell connectivity (Koroglu et al., 2024). However,
CRMs face challenges when analyzing changes to active producer
numbers and well productivity indices along with heterogeneous
formations, high fluid compressibility variations, and aquifer
support presence (Sayarpour et al., 2010). Operating CRMs in large
fields with hundreds of wells becomes limited by the excessive
computational requirements (Davudov et al., 2020). Additionally,
these predictive models lack the capability to effectively account
for changing reservoir parameters that are caused by dissolution
together with deposition chemical reactions (Temizel et al., 2018).
Another drawback is that the models make the inaccurate
assumption that the relationship between injection rates and
production rates remains linear across all reservoirs, although
non-linear interactions could potentially exist (Temizel et al.,
2019). These simplified models and restricted assumptions
generate inaccurate predictions regarding waterflooding perfor-
mance during changing reservoir circumstances (Simha et al.,
2021).

Another traditional method is numerical reservoir simulation,
which stands as a comprehensive approach offering the most
complete system for waterflood assessment by building mathe-
matical models that solve fluid flow equations in porous systems
(Lavie et al., 2011). These simulators generate digital simulations
that replicate reservoir environments to forecast movements of
fluids together with pressure variations and production behavior
until the end of the simulation period (Li et al., 2013). With
reservoir simulation, engineers can analyze heterogeneous for-
mations by building simulation models that combine different
geological layers that represent diverse flow units along with
comprehensive fluid behavior characteristics (Zeinijahromi et al.,
2014). Moreover, numerical reservoir simulation offers solutions
for complicated reservoir shapes and complete models of con-
nections among wells (Maucec et al., 2019). However, the imple-
mentation of these simulators demands large amounts of data
input together with significant computational capabilities,
consistent model calibration, and takes considerable processing
time and professional knowledge for proper interpretation (Noirot
et al., 2003). Additionally, simulation prediction accuracy is
significantly influenced by the quality of input data since imper-
fect reservoir characterization during the modeling process can
produce wrong results even though the mathematical models
show sophistication (Rao, 2024).

1.3. Machine learning models for waterflood performance
evaluation

Machine learning (ML) models attract the oil and gas industry
because they solve problems that traditional methods struggle to
address (Gharieb et al., 2024c; Nashed and Moghanloo, 2025).
Additionally, the increasing availability of processing power
together with analysis data makes the application of ML algo-
rithms an attractive prospect for industry stakeholders (Mohamed
et al., 2024a; Nashed et al., 2024; Thabet et al., 2024a). Modern
waterflood performance evaluation made a breakthrough with ML
models because they introduce progressive solutions that trans-
form traditional evaluation methods (Gabry et al., 2025; Koray
et al., 2023; Sinha et al., 2024). New industry implementations
show how ML models work with massive existing production and
injection data to discover advanced connections between wells
that traditional methods would miss (Kubota and Reinert, 2019; Li

et al., 2024). Recent works also expand the scope of ML in reservoir
engineering, including deep learning-based pore network gener-
ation for fluid flow analysis (Guo et al., 2024), and ML-driven
reservoir permeability prediction (Soromotin et al., 2025),
further demonstrating the versatility of data-driven approaches.
Unlike analytical and empirical methods, the non-linear charac-
teristics of reservoir behavior together with changes in field con-
ditions can be captured through ML algorithms that operate
without needing detailed geological characterization or simplistic
assumptions (Hamady et al., 2024; Thabet et al., 2024b). Moreover,
the ML models maintain high accuracy levels and reach compu-
tational speeds that produce results within minutes instead of the
regular weeks dedicated to traditional numerical simulations
(Gharieb et al., 2024a; Thabet et al., 2024c). ML models succeed in
uniting multiple datasets, such as production data and well test
results, to generate complete reservoir knowledge without
needing extensive input required by full physics simulators
(Asante et al., 2023; Gharieb et al., 2024b). Neural networks,
together with ensemble models, demonstrate better accuracy than
capacitance-resistancemodels and need both less calibrationwork
and fewer behavioral assumptions about the reservoir (Kumar
et al., 2022). Furthermore, ML models help improve well connec-
tivity assessments and identify problems with water channeling
and poor sweep efficiency during the early stages (Madhumaya
and Vyas, 2024). In addition, the integration of ML models with
the advanced feature-based interpretability method SHAP
(SHapley Additive exPlanations) analysis enables efficient evalu-
ation of operational scenarios that include injection redistribution
and pattern balancing along with well conversion strategies.
Perhaps most importantly, these ML-driven techniques enable
operators to optimize waterflood performance across entire fields
instead of relying on well or pattern analyses, which results in
better reservoir management with reduced computational and
personnel demands.

The application of advanced machine learning approaches to
predict oil well production rates influenced by water injection and
assess the level of communication between injectors and pro-
ducers remains absent in existing waterflooding performance
evaluation studies according to our current knowledge. Although
existing literature has used ML to determine interwell connectiv-
ity, these studies tend to focus on few algorithms or are not
interpretable. Our work is innovative in its systematic benchmark
of a wide range of different ML models on the same dataset and
incorporation of SHAP analysis to not only measure the effects of
the injector-producer but also predict connectivity-based contour
maps, therefore, offering a clear and deployable-in-the-field
workflow. We believe that the application of ML models presents
itself as a precise and efficient alternative that combines cost-
effectiveness with easy implementation for waterflooding per-
formance evaluation instead of conventional empirical, analytical,
capacitance resistance, and numerical models.

2. Methodology

In this study, the presented methodological framework
stretches across four stages in Fig. 1 with specific connections
between the phases. The sequential research stages guide the
research objectives to develop a coherent alignment.

2.1. Data collection

Measuring both the injection water rate along with the total
fluid production rate from the injector and production wells is a
common practice and enables optimization of waterflood perfor-
mance. Our research utilized a comprehensive dataset of 6592
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observations obtained from individual measurement data, which
served as the basis for this study. A synthetic field with four wells
serves as the source of the gathered dataset. The present dataset
follows the studies performed by Albertoni and Lake (2003),
Albertoni and Lake (2003), Yousef et al. (2006) and Liang et al.
(2007). Through this thorough dataset, machine learning models
acquire a better understanding of genuine relationships instead of
accidental noise patterns during their development phase. More-
over, the examination of large datasets stops overfitting and en-
ables the models to connect complex data patterns. In addition,
through complete datasets, machine learning models both opti-
mize their ability to confront realistic conditions and eliminate
bias because they display precise representations of all potential
situations. Furthermore, the dataset allows appropriate training
and testing separation for establishing trustworthy model as-
sessments. The research data includes measurements of injection
rate for wells I1, I2, and I3 alongside the total fluid production rate
for producer well P4. Figs. 2 and 3 show the injection and pro-
duction rate of all wells over 2000 days.

2.2. Data preprocessing

The groundwork of any machine learning project is data pre-
processing, which describes organized techniques applied to raw
data to produce ready-to-use input for future algorithmic pro-
cessing. Fundamentally, data preprocessing is the entire set of
procedures applied to raw data prior to model training, as it
operates as a fundamental connection between information
collection and pattern discovery. The performance of data pro-
cessing eliminates unimportant information and noise, which

protects models against drawing incorrect conclusions. Data pre-
processing follows a planned workflow pattern that begins with
cleaning operations that handle missing data and search for
abnormal points. The approach that we used to handle missing
values included removing complete measurement records and
using linear extrapolation from neighboring points to estimate the
gaps. In addition, we used box plot statistics for abnormal data
point detection, which led to their elimination from the study. This
initial work transitions into data integration that unites various
formats. Then, standardized and normalized variables create a
common measurement scale for strategic data-splitting functions
that support training and validation goals.

Machine learning preprocessing depends heavily on data
normalization to develop coherent characteristics from features
that differ in units and scales for balanced variable contribution to
models. The procedure is essential for machine learning algo-
rithms, especially those dependent on distance metrics or gradi-
ents, because it produces improved results from features that have
standardized scales. Research has validated that normalization
practices deliver multiple benefits, which consist of accuracy
elevation and faster convergence alongside enhanced computa-
tional speed in various machine learning algorithms. The
normalization process includes two standard approaches, which
are min-max scaling and z-score standardization. Through min-
max scaling, the data gets adjusted toward specified ranges
without altering original value relationships. The normalization
through z-score standardization shifts data to amean value of zero
while achieving unity in standard deviation for statistical pur-
poses. The data normalization techniques have distinct uses that
depend on the algorithm's needs alongside the data attributes.
This research adopted the Min-Max Scalar normalization tech-
nique as its method. Min-max scaling delivers superior benefits for
our machine learning needs compared to z-score standardization.
The distribution shape remains unchanged by min-max scaling
because it only transforms the scale, yet z-score standardization
transforms relative distances, which affects data-sensitive algo-
rithms. Additionally, min-max normalization provides support
vector machines with exceptional performance because it opti-
mizes the hyperplane in the transformed feature space. The data
transformation occurs according to the following equation:

Xscaled =
X − Xmin

Xmax − Xmin
(1)

Where: X is the original data point, X min is the minimum value in
the feature, Xmax is the maximumvalue in the feature, Xscaled is the
normalized value within the [0,1] range.

Fig. 1. A diagram of the methodology.

Fig. 2. Individual well injection rate.
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And at the end, the preprocessed data was divided (80% for
training and 20% for testing). We set this ratio because it is a
perfect balance between two opposing requirements in the
development of machine learning models. 80% of data, which is
the finest part, is given to the model for training, where it learns
the patterns of data, and the remaining 20% is used for testing, as it
is a sufficient amount to judge the performance of the model on
unseen examples. This traditional method ensures that model
training is reliable and provides statistically meaningful test
samples for assessing the ability of generalization, reduces the risk
of overfitting, and ensures that the model will operate effectively
on the real-world data beyond the training data. Moreover, the 80/
20 ratio worked the best of all the ratios in our research using
cross-validation and hyperparameter tuning.

2.3. Model structure

The development and evaluation of nine models with Python
3.10.12 required a specific set of hyperparameter settings as out-
lined in Table 1. Running a multiple regression model such as
Gradient Boosting (GB), Adaptive Boosting (AB), Random Forest
(RF), Support Vector Machine (SVMs), Decision Tree (DT), K-
Nearest Neighbors (KNN), Linear Regression (LR), Neural Network
(NN), and Stochastic Gradient Descent (SGD) on the same dataset
is a crucial part of this research. This practice allows us to do
extensive comparative analysis and figure out which ones work
best for our dataset since each model has its strengths. Each ma-
chine learning model has its own advantages that are suitable for
specific kinds of analytics. For example, Gradient Boosting suc-
ceeds in offering very high predictive accuracy via a process of
successive error correction, mainly in cases where there is a very
high dimensional feature space and complex relationships, while
Random Forest wins it in terms of generalization, by virtue of an
ensemble of decision trees with the ability of feature importance
estimation, and seems to perform better in the high dimension-
ality data. While Support Vector Machines have the great ability to
define optimal decision boundaries by kernel transformations, in
comparison to the easy understanding and clear decision-making
ability of Decision Trees. K-Nearest Neighbors offers simplicity and
effortless training. Linear regression is able to keep the mathe-
matical interpretability with the efficient computation in case of
linear relationships between variables, and neural networks can
successfully discover the complex nonlinearity by the multi-
layered structure with the ability of auto feature extraction. Sto-
chastic Gradient Descent facilitates efficient parameter optimiza-
tion for large-scale datasets through incremental updates. With

this variety of algorithms up our sleeve, we are capable of selec-
tively selecting the best-suited model according to our needs for
interpretability, computational performance, and predictive
accuracy.

Hyperparameters are the external model behavior-controlling
parameters not directly derivable from the data. These important
parameters include the learning rates, the depth for the Random
Forest, the regularization strength, and the neural network archi-
tecture parameters. The performance of machine learning models
is strongly dependent on their architecture and its hyper-
parameters, with countless possible variations that deeply affect
the best predictions accuracy. Properly selected hyperparameters
prevent underfitting or overfitting and optimize for model

Fig. 3. Well, P4 total fluid production rate.

Table 1
Summary of the machine learning models used and their algorithm
hyperparameters.

Model Algorithm Parameters

GB ⁃ Method: xgboost
⁃ Number of trees is 100.
⁃ Learning rate is 0.099.
⁃ Regularization is 0.6
⁃ Limit depth is 6.

AB ⁃ The number of estimators is 50.
⁃ Learning rate is 1.
⁃ Regression loss function is linear.

RF ⁃ Number of trees in the forest is 10.
⁃ Minimum subset size is 5.

SVMs ⁃ SVM Cost is 1.
⁃ Regression loss epsilon: 0.1.
⁃ Kernel type is radial basis function.
⁃ Numerical tolerance: 0.001
⁃ Iteration limit is 500.

DT ⁃ Minimum instances in leaves are 19.
⁃ Minimum subset size: 9.
⁃ Maximal tree depth is 100.
⁃ The stopping point is at 95% of the majority.

KNN ⁃ Number of nearest neighbors is 5.
⁃ Metric is Euclidean.
⁃ Weights are uniform.

LR ⁃ None.
NN ⁃ Neurons per hidden layer are 500.

⁃ Activation is ReLu.
⁃ Solver is L-BFGS.
⁃ Regularization is 0.04.
⁃ Maximum iterations are 600.

SGD ⁃ loss function is hinge.
⁃ Regularization is Lasso (L1).
⁃ Learning rate is constant.
⁃ Initial learning rate is 0.01.
⁃ Number of iterations is 1000.
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generalizability and computational efficiency, primarily on the
complex dataset where there are many features or a nonlinear
relationship exists. Regularization methods are mathematical
methods for preventing overfitting by adding a penalty term into
the loss function, limiting the complexity of the model during the
training. Some popular techniques for regularization are L1
(Lasso), L2 (Ridge), Elastic Net, and dropout for neural networks,
each working on different dimensions of model complexity. These
techniques are very useful when working with high-dimensional
data, where the probability of picking up noise instead of the
original signal becomes quite high.

Fig. 4 shows a view of the Pythagorean Forest visualization,
which is a view of a collection of 10 decision trees from a Random
Forest model, each made as a Pythagorean tree shape having
unique branching. The visual encoding is based on geometry to
represent key model insights: branch width and brightness
represent decision path relevance, and colors mean the span of
regression predictions. In contrast to classic forest implementa-
tions, this visualization technique allows us to see inside the
mechanism of how features lead to model behavior. This method
significantly improves the model interpretability and facilitates
the communication of sophisticated algorithmic behavior to non-
technical stakeholders.

3. Results and discussion

3.1. Model results

The regression model evaluation metrics for all of the devel-
oped models are shown in Fig. 5. It offers additional views on
prediction accuracy and model fit, each with unique mathematical
properties and applications. Mean Absolute Error (MAE) computes
the average of absolute differences between forecast and real
values, giving intuitive interpretation in the same scale, and is
resistant to outliers by treating all errors uniformly. However, MAE
does not have context for judging good performance without
reference. Mean Squared Error (MSE) calculates the average of the
squared difference between predictions and observations, exag-
gerating the effects of large errors by squaring them, being very
sensitive to the outliers, and is good when large prediction errors
are especially deadly. However, its main disadvantage lies in the
difficulties of interpretation because units are squared. RMSE
overcomes the descriptiveness problems of MSE through the
square root transformation of MSE to revert to the units of the
original, providing a balance between MAE robustness and MSE
sensibility to outliers and retaining scale-dependent properties

that make the comparison contextual. Unlike the coefficient of
determination (R2), it contrasts fundamentally by measuring
variation explained by the model, thus giving a normalized mea-
sure (0–1) that brings inherent context without calling for com-
parison to other models. R2 values near to 1 imply high predictive
ability, although as a standalone metric, it can promote overfitting
because it always grows with any added predictors. This multi-
metric strategy allows us to compare absolute and relative per-
formance, to see error distributions, and to conduct informed
decisions about model choice based on error tolerance.

The normalized anticipated P4 production rate based on the AB
model output that matches the actual P4 production rate is shown
in Fig. 6. Although the data points lie just along the 45◦ straight
line in the results, the outputs of the machine learning model are
evenly distributed. This means that the constructed AB model led
to reliable predictions for P4 production rate values ranging across
the entire range of parameters of the data set. Moreover, the ac-
curate forecast of the AB algorithm compared to the actual P4
production rate is also shown in Fig. 7.

Wells of greatest significance in P4 production rate forecasting
by the AB model are deployed in the form of SHAP (SHapley Ad-
ditive exPlanations) in Fig. 8. Table 2 shows the score percentage or
fip factor which is the fraction of injection rate of injector i
contributing in production rate of producer p at steady-state
condition, based on the SHAP analysis of the AB model. SHAP is
a sophisticated method used to explain machine learning models.

Fig. 4. Pythagorean Forest shows all learned Decision Tree models from the RF model.

Fig. 5. Developed models performance metrics heatmap.

S. Nashed, O. Ejehu and R. Moghanloo Petroleum Research 11 (2026) 827–837

832



Built on game-theory concepts, SHAP values measure each fea-
ture's contribution to particular predictions, delivering both indi-
vidual and modeled global explanations for behavior. Unlike
traditional feature importance methods, SHAP offers significant
advantages in interpretability. Unlike the basic feature importance

that only ranks variables, SHAP provides the direction of variable
effect (positive or negative), deals better with features that are
correlated, and gives explanations for particular predictions rather
than explanations for the whole of ranking features. The SHAP
summary plot displays feature effects as a beeswarm plot where

Fig. 6. Predicted vs. actual normalized P4 production rate using AdaBoost model.

Fig. 7. AdaBoost model match for producer P4.

Fig. 8. SHAP plot of the AdaBoost model.
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every point renders a Shapley value for a feature and instance,
colors represent feature values (red for large and blue for small),
and position plot magnitude and direction of influence on the
model output. It is model-agnostic and works with any algorithm
from simple linear regression to pretty much the most complex
deep learning models. This richness of explanation makes SHAP
especially useful in high-stakes domains such as waterflooding,
where explaining model decisions is numerically important to
building trust and ensuring robust implementations. Among the
studied wells, I2 has the largest impact on the computed P4 pro-
duction rate, but others play a bit smaller role.

A contour map generated from SHAP analysis for the AB model
is provided in Fig. 9 that represents the magnitude as well as the
direction of influence contributed by all injector wells to the
production rate of well P4. The clear indication is that the most
significant quantity of injected water reaching P4 comes from the
southwest direction, implying there was high permeability or
channeling between P4 and the southeast area around I2. By
drawing a similar contour map for each producer well in the field,
a better understanding of interconnectivity between the injector
and the producer wells can be gained. This knowledge facilitates
the optimization of injection rates for each of the injectors to
maximize the overall field production. Such aworkflow represents
a faster and more accurate method for waterflood optimization,
especially for fields with complex reservoirs having large injector-
producer networks.

3.2. Model testing and validation

The evaluation of the accuracy of themachine learningmodel is
performed by three methods. The first is the K-fold cross-
validation, which is a robust way of model evaluation by split-
ting the data into K equal-sized subsets, or “folds”. In this method,
the model is trained K times in such a way that each time K - 1
number of folds is utilized for training, and then one particular fold
is used for validation. The procedure cycles through each fold,

making certain that each data point enters the validation set once
in all iterations. The last performance metric is then averaged over
all K runs. This approach outperforms the simple train-test split in
the following aspects: it utilizes the whole dataset for training and
validation at the same time, which removes the bias that can be
introduced by a random division of the data; the distribution of
performance scores is true to the nature of the model variance;
and the overfitting is more effectively detected by testing the
model's generalizability on many different parts of the dataset.
Moreover, K-fold cross-validation offers better performance esti-
mation as well since it reduces the impact of how the data is split,
especially useful whenworking with very limited amounts of data.
Even though the computation is more expensive than a simple
split, the increased reliability of model evaluation usually makes
this worthwhile for uses such as waterflooding optimization,
where it is crucial to evaluate model performance. Fig. 10 presents
the outcome of the K-fold cross-validation that executed this with
10 folds.

The second validation method is random sampling cross-
validation (also called Monte Carlo cross-validation) performs
multiple times random splitting of data on the train & test split
and averages the performance across the iterations. Unlike K-fold
cross-validation, where all the data is divided into K parts of
roughly equal size and mutually exclusive such that each point is
in the test set exactly once, random sampling provides a flexibility
where one can explore different types of data partitions. K-fold has
the nearly unbiased estimate of performance, whereas random
sampling can lead to more bias if run for the sufficient number of
iterations. K-fold ensures that all your data points are exactly used
once for testing in a random split, then some points may never be
used or they may be used multiple times. Random sampling be-
comes handy, especially when there is a greater need for control
on the training/testing ratio or whenever bothered with extreme
outliers disturbing the results, which extremely prohibits K-1 folds
in conventional K-fold validation. Both methods effectively pre-
vent overfitting but come from a different statistical perspective
on model evaluation. The repeated random sampling method
resulted in its outcomes through 10 singular trials, which are listed
in Fig. 11. Results include MSE, RMSE, MAE, and R2 for every model
as per the evaluation.

The third validation method we will cover is blind dataset
validation, which is a technique that assesses how well a model
generalizes to an entirely new dataset not related to the training
and validation process. Unlike samples of the same dataset that K-
fold cross-validation and random sampling cross-validation will

Table 2
SHAP Analysis scores of the AdaBoost model.

Injection well Score percentage Fip

I2 Injection rate 55 % 0.55
I3 Injection rate 28 % 0.28
I1 Injection rate 17 % 0.17

Fig. 9. Contour map showing the impact of injector wells on P4, with the strongest
influence from the southwest, indicating high permeability or channeling near I2. Fig. 10. K-fold cross-validation models performance metrics heatmap.
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reuse, blind validation offers a more authentic measure of per-
formance in real life. It ensures no data leakage and tests themodel
under different situations. This approach is especially important in
high-stakes applications like waterflooding performance evalua-
tion, where real generalization is crucial. While k-fold and random
sampling provide valuable insights during tuning the model, it is
blind dataset validation that is the final test before actual
deployment. We applied the methodology to a completely fresh
set of data consisting of the production rate of well P4 and the
injection rates of wells I1, I2, and I3. This dataset adds 500 days
past the original 2000-day dataset as shown in Figs. 12 and 13.
Moreover, Fig. 13 demonstrates the forecast made by the AB al-
gorithm is closely aligned with the P4 future production rate over
this period (days 2000–2500 or approximately ±1.4 years). The
realized AB model generates excellent accuracy for actual field

applications with a mean absolute error of merely 21 RB/D be-
tween the anticipated and actual production rates.

4. Conclusion

This study's results show that advanced machine learning
models are successfully able to accurately forecast the production
of oil wells supported by water injection, measuring the level of
communication between injectors and producers, as well as
evaluating the efficiency of water used for injection. These ma-
chine learning methods can be seen as a near-accurate, faster, less
expensive replacement for the current empirical, analytical,
capacitance-resistance, and numerical methods. The models were
trained against data coming from four wells lasting over 2000
days, achieving outstanding forecasting performance with a min-
imum RMSE of 0.004 and maximum R2 of 0.99 obtained by Ada-
Boost, closely followed by Random Forest (RMSE = 0.012,
R2 = 0.99) and K-Nearest Neighbors (RMSE = 0.017, R2 = 0.98).
Although the Gradient Boosting algorithm performs very slightly
less accurately (RMSE = 0.022, R2 = 0.97), it is yet more accurate
than more common simple models like Linear Regression and
Decision Tree. The inclusion of feature importance analysis, along
with SHAP scores in particular, boosts the model interpretability
and quantifies the impact of each injection well on the production
well. In addition, the combination of machine learning and SHAP
analysis allows building a contour map of the magnitude and di-
rection of the impact of all injector wells on a particular produc-
tion well in the field. These results suggest that machine learning
approaches are suitable for predicting waterflooding performance,
helpful in decision-making, and require a smaller number of in-
puts, costs, and time related to traditional modeling. However,
there are some limitations to our approach: the dataset is based on
a synthetic reservoir, not a real field; external validation is
necessary; the performance of themodels is also dependent on the
quality of input data and noise; and it will be necessary to test the

Fig. 11. Random sampling cross-validation models performance metrics heatmap.

Fig. 12. Injection rates of wells I1, I2, and I3 over 2000 days of the original dataset and an additional 500 days of the unseen dataset.

Fig. 13. AdaBoost model match for producer P4 over 2000 days of the original dataset and an additional 500 days of the unseen dataset.
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models on larger and more heterogeneous reservoirs. Future
studies will be dedicated to the overcoming of these difficulties
and the possibility of applying the methodology to the work in the
field. This paper has shown the possibility of using state-of-the-art
machine learning techniques for real-time waterflood optimiza-
tion and indicates potential for advanced new data-driven reser-
voir management techniques.
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