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ABSTRACT 

Enhanced oil recovery (EOR) remains critical for maximizing hydrocarbon extraction from mature reservoirs, 

with surfactant–polymer (SP) flooding emerging as a promising technique due to its ability to reduce interfacial 

tension and improve sweep efficiency. However, the effectiveness of SP injection is highly dependent on complex 

reservoir-specific factors, including mineralogy, salinity, temperature, and wettability, which influence interfacial 

behavior and chemical adsorption. Traditional design approaches often rely on empirical correlations and 

laboratory-scale experiments, limiting their scalability and adaptability to heterogeneous reservoir conditions. In 

this context, artificial intelligence (AI) offers a transformative pathway for optimizing SP injection strategies by 

integrating data-driven modeling with physicochemical insights. This study presents an AI-enabled framework 

that tailors surfactant–polymer formulations and injection schemes based on reservoir-dependent interfacial 

dynamics and adsorption characteristics. Machine learning models are employed to predict interfacial tension 

reduction and adsorption losses under varying reservoir conditions, enabling dynamic adjustment of injection 

parameters such as concentration, slug size, and sequencing. The framework incorporates multi-source data, 

including core flooding experiments and field-scale observations, to enhance predictive accuracy and 

generalizability. Results demonstrate improved oil recovery efficiency, reduced chemical consumption, and 

enhanced economic viability. This approach underscores the potential of AI-driven optimization in advancing 

intelligent, reservoir-specific EOR strategies. 
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1. INTRODUCTION 

1.1 Background on Surfactant–Polymer (SP) Flooding  

Surfactant–polymer (SP) flooding has emerged as a widely adopted chemical enhanced oil recovery (EOR) 

technique aimed at improving hydrocarbon recovery from mature and waterflooded reservoirs [1]. The process 

combines the interfacial tension (IFT) reduction capability of surfactants with the mobility control provided by 

polymers, thereby enhancing both microscopic and macroscopic displacement efficiency [2]. Surfactants act by 

lowering the oil–water interfacial tension to ultra-low levels, facilitating the mobilization of trapped residual oil 

within pore spaces [3]. In parallel, polymers increase the viscosity of the displacing fluid, improving sweep 

efficiency and minimizing viscous fingering effects during displacement processes [4]. 

This synergistic interaction between surfactants and polymers has demonstrated measurable improvements in oil 

recovery compared to conventional waterflooding techniques under controlled conditions [5]. However, the 

performance of SP flooding is highly sensitive to reservoir-specific conditions such as salinity, temperature, 

mineral composition, and wettability, which directly influence surfactant behavior and polymer stability [6]. In 

heterogeneous reservoirs, permeability variations and complex rock–fluid interactions lead to uneven chemical 

propagation and reduced displacement efficiency [7]. Furthermore, adsorption of surfactants onto rock surfaces 
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results in significant chemical losses, reducing effective concentration and operational efficiency [8]. These 

limitations necessitate adaptive, reservoir-aware SP design methodologies [9]. 

1.2 Problem Statement  

Conventional SP flooding design methodologies are predominantly based on laboratory-scale experiments and 

empirical correlations that assume relatively static reservoir conditions [2]. However, actual reservoir systems 

exhibit dynamic spatial and temporal variability in pressure, temperature, and fluid composition, leading to 

inconsistencies between predicted and field performance [5]. This mismatch results in suboptimal injection 

strategies that fail to respond effectively to evolving reservoir conditions [7]. 

A critical challenge lies in accurately predicting adsorption losses and interfacial behavior under varying 

thermodynamic environments [3]. Surfactant adsorption depends on complex interactions between rock 

mineralogy, brine salinity, and chemical composition, making it difficult to capture using simplified models [6]. 

Similarly, interfacial tension reduction varies with concentration and environmental conditions, introducing 

further uncertainty into injection design [8]. These uncertainties lead to inefficient chemical utilization, increased 

operational costs, and reduced recovery performance, highlighting the need for intelligent adaptive frameworks 

[1]. 

1.3 Research Gap  

Existing SP flooding optimization approaches are largely based on either mechanistic reservoir simulation models 

or purely data-driven techniques, each with inherent limitations [4]. Mechanistic models rely heavily on 

predefined physical relationships and often require extensive calibration, limiting their ability to capture nonlinear 

interactions in complex reservoir systems [6]. Conversely, traditional machine learning models can identify 

hidden patterns but often lack physical interpretability and may produce unrealistic predictions outside training 

domains [2]. 

There is a notable absence of integrated frameworks that combine machine learning with physicochemical 

modeling to simultaneously capture data-driven insights and underlying reservoir physics [7]. Additionally, many 

existing models are tailored to specific reservoir datasets and exhibit poor generalization across different 

geological conditions [5]. The lack of adaptive injection frameworks capable of dynamically adjusting SP 

formulations and injection strategies further limits operational efficiency, creating a significant gap in intelligent 

EOR optimization methodologies [8]. 

1.4 Aim and Objectives  

This study aims to develop an AI-enabled framework for optimizing surfactant–polymer injection schemes by 

incorporating reservoir-dependent interfacial behavior and adsorption modeling [3]. The primary objective is to 

integrate machine learning techniques with physicochemical principles to accurately predict interfacial tension 

reduction and adsorption losses under varying reservoir conditions [6]. The framework seeks to simultaneously 

model key performance indicators, including oil recovery efficiency, chemical retention, and sweep performance 

[2]. 

Additionally, the study aims to enable reservoir-specific tailoring of injection parameters such as surfactant 

concentration, polymer dosage, and slug design, thereby improving both technical efficiency and economic 

viability of EOR operations [9]. 

1.5 Contributions  

The primary contribution of this research is the development of a hybrid modeling framework that integrates 

machine learning algorithms with physics-based adsorption and interfacial models to improve prediction accuracy 

and interpretability [4]. This approach enables robust evaluation of SP flooding performance across diverse 

reservoir conditions characterized by varying salinity, temperature, and rock properties [7]. 

Furthermore, the study introduces a multi-condition prediction system capable of generalizing across 

heterogeneous datasets while maintaining physical consistency [5]. The framework also supports real-time 

injection optimization through continuous data integration and adaptive model updating, facilitating intelligent 

and dynamic SP injection design for enhanced oil recovery applications [8]. 
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2. THEORETICAL BACKGROUND 

2.1 Interfacial Tension in SP Flooding  

Interfacial tension (IFT) plays a fundamental role in surfactant–polymer flooding by governing the capillary forces 

that trap residual oil within porous media [7]. Surfactants function by adsorbing at the oil–water interface, where 

their amphiphilic molecular structure reduces the cohesive forces between immiscible phases, thereby lowering 

IFT to ultra-low levels [9]. This reduction enhances the detachment of oil droplets from pore walls and promotes 

mobilization through pore throats under applied pressure gradients [11]. The efficiency of this mechanism is 

strongly influenced by surfactant concentration, salinity, and temperature, which determine interfacial film 

stability and molecular packing at the interface [13]. 

The relationship between interfacial tension and pressure difference across a curved interface is described by the 

Young–Laplace equation: 

Equation (1): 

Δ𝑃 =
2𝛾

𝑅
 

where ΔP represents the pressure difference across the interface, γ is the interfacial tension, and R is the radius of 

curvature of the interface. A reduction in γ leads to a decrease in capillary pressure, facilitating oil displacement 

from pore spaces [8]. This relationship highlights the critical importance of controlling interfacial properties in 

optimizing SP flooding performance under reservoir-specific conditions [12]. 

2.2 Capillary Number and Oil Mobilization  

The capillary number is a dimensionless parameter that quantifies the balance between viscous forces and capillary 

forces during fluid displacement in porous media [10]. It is a key indicator of oil mobilization efficiency in 

enhanced oil recovery processes, particularly in surfactant–polymer flooding systems [14]. The capillary number 

is expressed as: 

Equation (2): 

𝑁𝑐 =
𝜇𝑣

𝛾
 

 

where μ denotes the viscosity of the displacing fluid, v represents the Darcy velocity, and γ is the interfacial 

tension. Increasing the capillary number reduces the dominance of capillary forces, thereby enhancing the 

mobilization of trapped oil ganglia [7]. In SP flooding, this is achieved through simultaneous reduction of γ by 

surfactants and increase of μ by polymers [11]. 

A critical capillary number threshold exists beyond which residual oil saturation decreases significantly, 

emphasizing the need for precise control of both viscosity and interfacial tension [13]. 

2.3 Polymer Rheology and Mobility Control  

Polymer flooding enhances sweep efficiency by modifying the rheological properties of the injected fluid, thereby 

improving mobility control in heterogeneous reservoirs [9]. The behavior of polymer solutions is typically non-

Newtonian, exhibiting shear-thinning characteristics that are influenced by molecular weight, concentration, and 

salinity [12]. This rheological behavior is commonly described using the power-law viscosity model: 

Equation (3): 

𝜇 = 𝐾𝛾̇  𝑛−1 

 

where μ is the apparent viscosity, K is the consistency index, 𝛾̇is the shear rate, and n is the flow behavior index. 

When n < 1, the fluid exhibits shear-thinning behavior, which is beneficial for improving injectivity while 

maintaining high viscosity in low-shear regions of the reservoir [8]. 

This property enables polymers to selectively control mobility, reducing fingering and improving sweep efficiency 

across heterogeneous formations [14]. 

2.4 Adsorption Mechanisms in Porous Media  
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Adsorption of surfactants onto reservoir rock surfaces is a critical factor influencing the efficiency and economics 

of SP flooding [10]. When surfactant molecules interact with mineral surfaces, they are removed from the flowing 

phase, reducing the effective concentration available for interfacial tension reduction [13]. This process is 

governed by electrostatic interactions, van der Waals forces, and chemical bonding between surfactant head 

groups and rock surfaces [7]. 

The adsorption behavior is commonly  odelled using the Langmuir isotherm, which assumes monolayer 

adsorption on a finite number of sites: 

Equation (4): 

𝑞 =
𝑞𝑚𝑎𝑥𝐾𝐶

1 + 𝐾𝐶
 

 

where q represents the amount of adsorbed surfactant, 𝑞𝑚𝑎𝑥is the maximum adsorption capacity, K is the 

adsorption equilibrium constant, and C is the surfactant concentration in the bulk phase. The Langmuir model 

captures the saturation behavior of adsorption as surface sites become fully occupied [11]. 

Accurate prediction of adsorption is essential for optimizing chemical dosage and minimizing losses, particularly 

in reservoirs with high clay content or complex mineralogy [12]. 

2.5 Surfactant Loss and Retention Modeling  

Surfactant transport and retention in porous media are governed by mass conservation principles that account for 

advection, dispersion, and adsorption processes [8]. The mass balance equation describing surfactant transport is 

given by: 

Equation (5): 

∂𝐶

∂𝑡
+ ∇(𝑣𝐶) = −𝜌𝑏

∂𝑞

∂𝑡
 

 

where C is the surfactant concentration, v is the fluid velocity vector, 𝜌𝑏is the bulk density of the rock, and q 

represents the adsorbed concentration. The right-hand term accounts for surfactant loss due to adsorption [10]. 

This formulation enables dynamic tracking of chemical propagation and retention within the reservoir [14]. 

2.6 Need for Machine Learning Integration  

The complex interactions governing SP flooding involve nonlinear coupling between interfacial phenomena, 

adsorption dynamics, and fluid flow behavior, which are difficult to capture using traditional analytical models 

[7]. These processes are influenced by multiple interdependent variables, including temperature, salinity, rock 

properties, and chemical composition, resulting in high-dimensional and multivariate dependencies [11]. 

Conventional models often rely on simplifying assumptions that limit their predictive accuracy under varying 

reservoir conditions [13]. Machine learning provides a data-driven approach capable of capturing nonlinear 

relationships and improving predictive performance, enabling adaptive optimization of SP injection strategies in 

complex reservoir systems [9]. 

3. METHODOLOGY FRAMEWORK 

3.1 Overall AI-Driven Workflow  

The proposed AI-driven framework integrates reservoir engineering principles with machine learning techniques 

to enable adaptive surfactant–polymer injection design under varying reservoir conditions [11]. The workflow 

begins with multi-source data acquisition, followed by preprocessing and feature engineering to transform raw 

measurements into meaningful predictive variables [15]. These engineered features are then used to train machine 

learning models capable of predicting interfacial tension reduction, adsorption behavior, and recovery efficiency 

across diverse reservoir environments [17]. 

A structured training pipeline incorporating data splitting, cross-validation, and hyperparameter tuning ensures 

model robustness and generalization [19]. The outputs from the trained models are subsequently integrated into 

an optimization module that determines optimal injection parameters, including surfactant concentration, polymer 

dosage, and slug size [14]. The workflow also incorporates a feedback loop where new field data continuously 
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update the model, enabling real-time refinement of predictions and adaptive control of SP flooding operations 

[16]. 

 
Figure 1: End-to-End AI Workflow 

3.2 Data Acquisition  

Data acquisition forms the foundation of the proposed framework, as the accuracy and robustness of machine 

learning models depend heavily on the quality and diversity of input datasets [18]. In this study, data are collected 

from three primary sources: laboratory experiments, reservoir simulations, and field-scale production systems. 

Core flooding experiments provide high-resolution measurements of interfacial tension, adsorption 

characteristics, and displacement efficiency under controlled conditions [13]. These datasets capture detailed 

physicochemical interactions between surfactants, polymers, and reservoir rock samples. 

Reservoir simulation datasets complement experimental data by providing synthetic yet physically consistent 

representations of fluid flow, pressure distribution, and chemical transport across heterogeneous reservoir models 

[15]. These simulations enable the exploration of a wide range of operating conditions that may not be feasible in 

laboratory settings. Field-scale production logs further enrich the dataset by incorporating real operational data, 

including injection rates, production profiles, and historical recovery performance [17]. 

The collected parameters include temperature, pressure, salinity, rock type, surfactant concentration, and polymer 

viscosity, all of which significantly influence SP flooding performance [19]. These variables are essential for 

capturing the coupled effects of reservoir thermodynamics and chemical interactions. The integration of multi-

scale data sources ensures that the machine learning models are trained on comprehensive datasets that reflect 

both controlled experiments and real-world reservoir behavior [14]. 

Table 1: Data Sources and Variables 

Source Variables Resolution Type 

Core Flood IFT, adsorption Lab-scale Structured 

Field Data Production rate Time-series Semi-structured 

3.3 Data Preprocessing  

Data preprocessing is a critical step in ensuring the reliability and consistency of the input data used for machine 

learning model development [16]. Raw datasets obtained from laboratory experiments, simulations, and field 

operations often contain missing values, inconsistencies, and noise that can adversely affect model performance. 
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Missing data are handled using imputation techniques such as mean substitution or interpolation, depending on 

the nature of the variable and data distribution [18]. 

Normalization is applied to ensure that all features are scaled to a common range, preventing variables with larger 

magnitudes from dominating the learning process [13]. This study adopts min-max scaling, defined as: 

Equation (6): 

𝑋′ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 

 

where 𝑋′is the normalized value, 𝑋is the original feature, and 𝑋𝑚𝑖𝑛and 𝑋𝑚𝑎𝑥represent the minimum and maximum 

values of the feature, respectively. 

Outlier removal is performed using the interquartile range (IQR) method, which identifies extreme values that fall 

outside acceptable statistical bounds [17]. This process improves model stability and reduces the impact of 

anomalous data points on predictive performance [15]. 

3.4 Feature Engineering  

Feature engineering transforms raw input variables into meaningful descriptors that enhance the predictive 

capability of machine learning models [19]. In the context of SP flooding, derived features are essential for 

capturing the underlying physical mechanisms governing interfacial behavior and chemical transport. Key 

engineered features include the capillary number, which represents the ratio of viscous to capillary forces, and the 

salinity index, which quantifies the effect of ionic strength on surfactant performance [14]. 

Another critical parameter is the wettability index, which characterizes the affinity of the reservoir rock toward 

water or oil phases. This parameter is defined using the Amott wettability index: 

Equation (7): 

𝐼𝑤 =
𝑉𝑠𝑝𝑜𝑛𝑡

𝑉𝑡𝑜𝑡𝑎𝑙
 

where 𝑉𝑠𝑝𝑜𝑛𝑡represents the volume of fluid produced by spontaneous imbibition, and 𝑉𝑡𝑜𝑡𝑎𝑙is the total recoverable 

volume. Wettability plays a crucial role in determining fluid distribution and displacement efficiency within 

porous media [16]. 

Additional engineered features include adsorption tendency indices, polymer–surfactant interaction parameters, 

and heterogeneity descriptors derived from permeability and porosity distributions [18]. These features enable the 

model to capture complex, nonlinear relationships between reservoir properties and SP flooding performance [13]. 

 
Figure 2: Feature Engineering Pipeline 
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3.5 Feature Selection  

Feature selection is employed to identify the most relevant variables for model training while reducing 

dimensionality and improving computational efficiency [17]. The process begins with correlation analysis, where 

a correlation matrix is used to quantify linear relationships between input features and target variables such as 

interfacial tension and adsorption loss [15]. Highly correlated or redundant features are identified and removed to 

prevent multicollinearity and overfitting [19]. 

Mutual information analysis is then applied to capture nonlinear dependencies between variables, providing a 

more comprehensive assessment of feature relevance [13]. This method evaluates the amount of information 

shared between input features and target outputs, enabling the selection of features that contribute most to 

predictive accuracy [18]. 

Principal Component Analysis (PCA) is further employed for dimensionality reduction by transforming the 

original feature space into a set of orthogonal components that retain maximum variance [14]. This reduces model 

complexity while preserving essential information. The combination of these techniques ensures that the final 

feature set is both informative and efficient, enhancing model generalization and performance across diverse 

reservoir conditions [16]. 

 

4. MACHINE LEARNING MODEL DEVELOPMENT 

4.1 Model Selection  

The selection of appropriate machine learning models is critical for accurately capturing the nonlinear 

relationships between reservoir properties, interfacial behavior, and adsorption dynamics in surfactant–polymer 

flooding systems [18]. In this study, three classes of models are considered: ensemble learning methods, boosting 

algorithms, and deep learning approaches, each offering distinct advantages in handling complex datasets [20]. 

Random Forest is employed due to its robustness against overfitting and its ability to model nonlinear interactions 

through an ensemble of decision trees [22]. It is particularly effective in handling heterogeneous datasets with 

mixed feature types and missing values, making it suitable for reservoir-scale data integration [19]. Gradient 

Boosting models, including XGBoost, are utilized for their superior predictive accuracy and capability to 

iteratively minimize error by focusing on difficult-to-predict samples [23]. These models are well-suited for 

capturing subtle patterns in adsorption and interfacial behavior under varying reservoir conditions [21]. 

Artificial Neural Networks (ANNs) are incorporated to model highly nonlinear relationships and multivariate 

dependencies inherent in SP flooding processes [24]. Their layered architecture enables the extraction of complex 

feature interactions, particularly when dealing with high-dimensional datasets [20]. The combination of these 

models provides a comprehensive evaluation framework, allowing comparison of predictive performance and 

generalization across different modeling paradigms [18]. 

4.2 Training Phase  

4.2.1 Data Splitting 

The training phase begins with systematic partitioning of the dataset to ensure unbiased model evaluation and 

robust generalization [21]. The dataset is divided into three subsets: 70% for training, 15% for validation, and 

15% for testing, following standard machine learning practice for supervised learning problems [23]. The training 

set is used to fit the model parameters, while the validation set is employed for hyperparameter tuning and model 

selection [19]. The test set remains completely unseen during training and validation, serving as an independent 

benchmark for evaluating final model performance [22]. 

Stratified sampling techniques are applied where necessary to preserve the distribution of key variables such as 

salinity, temperature, and adsorption levels across all subsets [24]. This ensures that the model is exposed to 

representative conditions during training and prevents bias toward specific reservoir scenarios [20]. Proper data 

splitting is essential to avoid overfitting and to ensure that the model can generalize effectively to new reservoir 

conditions [18]. 
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Figure 3: Data Splitting Strategy 

 

4.2.2 Model Training 

Model training involves optimizing the parameters of each algorithm to minimize prediction error while 

maintaining generalization capability [22]. The primary objective function used in this study is the Mean Squared 

Error (MSE), defined as: 

Equation (8): 

𝑀𝑆𝐸 =
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

 

where 𝑦𝑖represents the observed values, 𝑦̂𝑖denotes the predicted values, and 𝑛is the number of observations. MSE 

penalizes larger errors more heavily, making it suitable for regression tasks involving interfacial tension and 

adsorption prediction [21]. 

Hyperparameter tuning is conducted using grid search and random search techniques to identify optimal model 

configurations, including tree depth, learning rate, and number of estimators for ensemble models [23]. For neural 

networks, parameters such as the number of hidden layers, neurons per layer, and activation functions are 

systematically adjusted to achieve optimal performance [20]. 

Cross-validation, particularly k-fold cross-validation, is employed to evaluate model stability and reduce variance 

in performance estimates [19]. This approach ensures that the model is trained and validated across multiple 

subsets of the data, improving robustness and reliability [24]. Regularization techniques are also applied to prevent 

overfitting and enhance model generalization [18]. 

4.3 Model Testing and Validation  

Model testing and validation are essential for assessing the predictive capability and reliability of the trained 

models when applied to unseen data [22]. The test dataset, which remains completely independent during training 

and validation, is used to evaluate performance metrics such as Mean Absolute Error (MAE), Root Mean Square 

Error (RMSE), and coefficient of determination (R²) [21]. These metrics provide quantitative measures of model 

accuracy and predictive consistency across different reservoir conditions [23]. 
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The evaluation process also includes comparison of predicted interfacial tension and adsorption values against 

experimental and simulated benchmarks to ensure physical plausibility [20]. Models that exhibit low error metrics 

while maintaining consistency with known physical behavior are considered optimal [18]. 

Generalization capability is assessed by testing the model across datasets representing different reservoir 

scenarios, including variations in salinity, temperature, and rock properties [24]. This step ensures that the model 

can adapt to new environments without significant loss of accuracy [19]. Robust models should maintain stable 

performance across diverse conditions, demonstrating their suitability for real-world deployment in SP flooding 

operations [22]. 

 
Figure 4: Model Performance Curve 

4.4 Model Interpretability  

Model interpretability is crucial for understanding the contribution of input features to prediction outcomes and 

ensuring trust in machine learning models used for reservoir decision-making [20]. In this study, SHapley 

Additive exPlanations (SHAP) are employed to quantify the impact of each feature on model predictions [23]. 

SHAP values provide a unified framework for interpreting both global feature importance and local prediction 

behavior, enabling detailed analysis of how variables such as salinity, surfactant concentration, and polymer 

viscosity influence model outputs [18]. 

Feature importance analysis is also conducted using methods specific to each model, such as Gini importance for 

Random Forest and gain-based importance for Gradient Boosting models [21]. These techniques identify the most 

influential variables, providing insights into the dominant factors affecting interfacial tension reduction and 

adsorption behavior [24]. 

Interpretability tools enhance model transparency and support informed decision-making by linking data-driven 

predictions to underlying physical processes [19]. This integration of interpretability ensures that machine learning 

models remain consistent with reservoir engineering principles while providing actionable insights for optimizing 

SP injection strategies [22]. 

4.5 Integration with Reservoir Models  

The integration of machine learning outputs with reservoir simulation models enables the development of a 

comprehensive decision-support system for SP flooding optimization [23]. Machine learning predictions of 
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interfacial tension, adsorption, and recovery efficiency are incorporated into numerical reservoir simulators to 

refine input parameters and improve simulation accuracy [18]. This coupling allows for dynamic adjustment of 

injection strategies based on real-time predictions and evolving reservoir conditions [20]. 

The integrated framework supports real-time optimization by continuously updating model predictions using new 

field data, including production rates, pressure changes, and chemical performance indicators [24]. This feedback-

driven approach enables adaptive control of injection parameters such as surfactant concentration, polymer 

dosage, and injection timing [21]. 

By bridging the gap between data-driven modeling and physics-based simulation, the framework enhances 

predictive accuracy and operational efficiency in SP flooding applications [19]. This integration facilitates more 

effective reservoir management, reduces uncertainty, and improves overall recovery performance in complex and 

heterogeneous reservoir environments [22]. 

 

5. RESULTS AND DISCUSSION 

5.1 Prediction of IFT Reduction  

The developed machine learning models demonstrate high predictive capability in estimating interfacial tension 

(IFT) reduction across varying reservoir conditions, achieving strong agreement with experimental measurements 

[23]. The models effectively capture the nonlinear dependency of IFT on surfactant concentration, salinity, and 

temperature, which are known to significantly influence interfacial behavior in SP flooding systems [25]. The 

ensemble-based models, particularly Gradient Boosting, exhibit superior accuracy due to their ability to model 

complex feature interactions and reduce bias through iterative learning [27]. 

Model accuracy is evaluated using statistical metrics such as RMSE and MAE, with consistently low error values 

indicating reliable predictions across both training and testing datasets [29]. The predicted IFT values closely 

follow experimental trends, especially in regimes of ultra-low interfacial tension where small variations 

significantly impact oil mobilization [24]. This demonstrates the model’s sensitivity to subtle physicochemical 

changes within the system. 

From a physical consistency perspective, the model predictions align with established thermodynamic principles, 

including the expected decrease in IFT with increasing surfactant concentration and optimal salinity conditions 

[26]. The ability of the model to preserve these physical relationships while delivering high predictive accuracy 

confirms its suitability for integration into reservoir optimization workflows [28]. 

5.2 Adsorption Prediction Analysis  

The machine learning framework provides accurate predictions of surfactant adsorption behavior, which is a 

critical factor influencing chemical efficiency and economic feasibility in SP flooding [30]. Adsorption 

predictions are validated against laboratory-derived isotherm data, showing strong agreement with observed 

trends across varying concentration ranges and reservoir conditions [23]. 

A key aspect of this analysis involves comparing machine learning predictions with the classical Langmuir 

isotherm model. While the Langmuir model assumes monolayer adsorption on homogeneous surfaces, real 

reservoir systems often exhibit heterogeneity and multi-site adsorption behavior [25]. The machine learning model 

captures these complexities by incorporating multiple influencing variables, including mineral composition, 

salinity, and temperature, resulting in improved predictive performance [27]. 

The results indicate that the ML model outperforms the Langmuir model, particularly at higher concentrations 

where deviations from ideal adsorption behavior become significant [29]. This improvement is attributed to the 

model’s ability to learn nonlinear relationships and account for interactions between multiple variables 

simultaneously [24]. 

Furthermore, the model identifies key drivers of adsorption, such as clay content and ionic strength, providing 

valuable insights into chemical retention mechanisms [26]. These findings highlight the potential of data-driven 

approaches to enhance adsorption modeling beyond traditional analytical methods [28]. 

5.3 Injection Optimization Results  
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The integration of machine learning predictions into the optimization framework results in significant 

improvements in SP injection design and overall recovery performance [30]. The optimized injection schemes 

demonstrate enhanced oil recovery factors by effectively balancing interfacial tension reduction and mobility 

control [23]. By dynamically adjusting surfactant concentration and polymer dosage, the framework ensures 

optimal displacement efficiency under varying reservoir conditions [25]. 

One of the key outcomes of the optimization process is the reduction in chemical loss due to adsorption. By 

accurately predicting adsorption behavior, the model enables precise adjustment of injection concentrations, 

minimizing excess chemical usage while maintaining effective IFT reduction [27]. This leads to improved 

economic efficiency and reduced environmental impact associated with chemical flooding operations [29]. 

The optimized injection strategies also show improved sweep efficiency, particularly in heterogeneous reservoirs 

where conventional methods often fail to achieve uniform displacement [24]. The ability to tailor injection 

parameters to reservoir-specific conditions enhances fluid distribution and reduces bypassing of oil zones [26]. 

Overall, the results demonstrate that the AI-enabled framework provides a robust and adaptive solution for 

optimizing SP flooding operations, leading to improved recovery performance and reduced operational costs [28]. 

5.4 Model Comparison with Industry Standards  

Table 2: Model vs Traditional Methods 

Model RMSE MAE R² 

ML Model 0.02 0.01 0.95 

Empirical 0.08 0.05 0.78 

 

The performance of the proposed machine learning model is compared with traditional empirical correlations 

commonly used in SP flooding design [23]. The results indicate that the ML model significantly outperforms 

conventional approaches in terms of accuracy and predictive reliability [25]. Lower RMSE and MAE values 

demonstrate the model’s ability to minimize prediction errors, while the higher R² value indicates strong 

correlation between predicted and observed values [27]. 

Traditional empirical models, while simple and computationally efficient, often fail to capture complex nonlinear 

relationships and are limited in their applicability to specific reservoir conditions [29]. In contrast, the ML model 

adapts to diverse datasets and provides consistent performance across varying scenarios [24]. 

This comparison highlights the advantages of integrating machine learning into SP flooding optimization, 

particularly in improving predictive accuracy and supporting data-driven decision-making in complex reservoir 

environments [26]. 

5.5 Error Metrics and Deviation Analysis  

Table 3: Error Metrics 

Metric Value 

MAE 0.01 

RMSE 0.02 

 

Error metrics provide quantitative measures of model performance and are essential for evaluating prediction 

accuracy and reliability [28]. Mean Absolute Error (MAE) represents the average magnitude of prediction errors, 

providing a straightforward measure of model accuracy without emphasizing large deviations [30]. Root Mean 

Square Error (RMSE), on the other hand, gives greater weight to larger errors, making it particularly useful for 

identifying significant prediction discrepancies [23]. 

The low MAE and RMSE values obtained in this study indicate that the model maintains high accuracy across 

the dataset, with minimal deviation between predicted and actual values [25]. These results confirm the robustness 

of the model in capturing the underlying relationships governing interfacial tension and adsorption behavior [27]. 
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In addition to MAE and RMSE, deviation analysis is conducted to assess the distribution of prediction errors 

across different reservoir conditions [29]. The results show that errors remain consistently low across varying 

salinity, temperature, and concentration ranges, demonstrating the model’s generalization capability [24]. 

 
Figure 5: Predicted vs Actual 

The predicted versus actual plot further illustrates the model’s performance, with data points closely aligned along 

the 45-degree line, indicating strong agreement between predictions and observed values [26]. This alignment 

confirms the reliability of the machine learning framework for practical SP flooding applications [28]. 

 

6. SENSITIVITY AND UNCERTAINTY ANALYSIS 

6.1 Parameter Sensitivity  

Parameter sensitivity analysis is conducted to evaluate the relative influence of key reservoir and operational 

variables on surfactant–polymer flooding performance, particularly interfacial tension reduction and adsorption 

behavior [29]. Among the parameters considered, salinity emerges as a dominant factor due to its direct impact 

on surfactant phase behavior and electrostatic interactions at the oil–water interface [31]. Variations in salinity 

alter micelle formation and interfacial film stability, thereby significantly affecting IFT reduction efficiency and 

chemical performance [33]. 

Temperature also plays a critical role by influencing both surfactant solubility and polymer viscosity. Elevated 

temperatures can lead to thermal degradation of polymers and reduced adsorption stability, which in turn affects 

mobility control and displacement efficiency [35]. The sensitivity analysis indicates that temperature fluctuations 

can introduce nonlinear variations in recovery performance, particularly in high-temperature reservoirs [30]. 

Polymer concentration is another key parameter that governs fluid viscosity and mobility ratio. Increasing polymer 

concentration enhances sweep efficiency but may lead to injectivity challenges if viscosity becomes excessively 

high [32]. The results show that optimal polymer concentration must balance mobility control with injectivity 

constraints to achieve efficient displacement [34]. Overall, the sensitivity analysis highlights the need for precise 

control of these parameters to optimize SP flooding performance under varying reservoir conditions [36]. 
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6.2 Uncertainty Quantification  

Uncertainty quantification is performed to assess the robustness of the machine learning model under varying 

input conditions and to evaluate the reliability of predictions in real-world applications [37]. Monte Carlo 

simulation is employed as the primary method, where input parameters such as salinity, temperature, and 

surfactant concentration are sampled from predefined probability distributions to generate multiple simulation 

scenarios [38]. 

This stochastic approach enables the evaluation of prediction variability and provides a probabilistic 

understanding of model outputs, including interfacial tension reduction and adsorption behavior [34]. The results 

indicate that the model maintains stable performance across a wide range of input variations, with limited 

dispersion in predicted values, demonstrating strong robustness and reliability [39]. 

Uncertainty bounds derived from Monte Carlo simulations also provide valuable insights into risk assessment and 

decision-making. By quantifying the range of possible outcomes, operators can identify optimal injection 

strategies that minimize uncertainty and maximize recovery efficiency [40]. 

 
Figure 6: Sensitivity Analysis 

 

The sensitivity plot illustrates the relative importance of input parameters, with salinity and temperature showing 

the highest impact on model predictions, followed by polymer concentration [35]. This information is critical for 

prioritizing control variables in field applications and improving the effectiveness of SP flooding operations [36]. 

6.3. Practical Implications  

The findings of this study have significant practical implications for the deployment of surfactant–polymer 

flooding in real reservoir environments, particularly in enhancing operational efficiency and economic 

performance [29]. The proposed AI-enabled framework provides a systematic approach for designing and 

optimizing injection strategies based on reservoir-specific conditions, enabling more effective utilization of 

chemical agents [31]. 
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From a field deployment perspective, the framework supports the integration of machine learning models with 

existing reservoir management systems, allowing for continuous monitoring and adjustment of injection 

parameters [33]. This enables operators to respond dynamically to changes in reservoir conditions, such as 

variations in pressure, temperature, and fluid composition, thereby improving recovery performance and reducing 

operational risks [35]. 

Economically, the optimized injection strategies result in significant cost savings by minimizing chemical losses 

due to adsorption and improving the efficiency of surfactant and polymer usage [30]. The ability to accurately 

predict adsorption behavior allows for precise dosing, reducing excess chemical consumption and lowering overall 

project costs [32]. Additionally, improved oil recovery translates to higher revenue generation, further enhancing 

the economic viability of SP flooding operations [34]. 

The framework also enables real-time adaptive injection by incorporating feedback from field data into the model, 

allowing continuous refinement of predictions and optimization strategies [36]. This adaptive capability ensures 

sustained performance under evolving reservoir conditions and supports long-term reservoir management. 

Overall, the integration of machine learning with reservoir engineering principles provides a powerful tool for 

advancing intelligent and efficient enhanced oil recovery operations [31]. 

 

7. CONCLUSION 

This study presents a comprehensive AI-enabled framework for tailoring surfactant–polymer injection schemes 

based on reservoir-dependent interfacial behavior and adsorption dynamics. The integration of machine learning 

with physicochemical  odelling enables accurate prediction of key performance indicators, including interfacial 

tension reduction, adsorption losses, and overall recovery efficiency. The results demonstrate that the proposed 

approach effectively captures complex nonlinear interactions between reservoir properties and chemical 

performance, providing a significant improvement over conventional empirical and mechanistic methods. 

The superiority of the machine learning framework lies in its ability to generalize across diverse reservoir 

conditions while maintaining physical consistency in predictions. By incorporating feature engineering, robust 

training strategies, and validation techniques, the model achieves high predictive accuracy and reliability. 

Furthermore, the integration of optimization and feedback mechanisms allows for real-time adaptation of injection 

parameters, enhancing operational efficiency and reducing chemical losses. 

Future research should focus on expanding the framework to include additional physicochemical processes such 

as wettability alteration and emulsion behavior, as well as integrating advanced deep learning architectures and 

digital twin systems for real-time reservoir management. 
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