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Abstract  

Effective management of oil field development processes is a complex challenge due to geological 
heterogeneity, uncertain petrophysical properties, unstable reservoir pressure, and fluctuating production and 
injection rates. Economic and technological factors further complicate decision-making. Conventional 
optimization methods based on deterministic models and standalone artificial intelligence techniques cannot 
fully account for uncertainties in initial data and expert estimates. This paper proposes a novel hybrid approach 
that combines artificial intelligence, fuzzy logic, neuro-fuzzy modeling, and evolutionary optimization. The 
approach integrates fuzzy models for representing linguistic uncertainty, the adaptive ANFIS model for 
learning from field data, and a genetic algorithm for optimizing field operating modes. A mathematical model 
for multi-criteria management is developed, considering cumulative oil production, oil recovery factor, 
produced water volumes, and operational costs. Membership functions and an inference engine are used to 
formalize expert knowledge and account for uncertainty in technological parameters. Optimization is 
performed using a genetic algorithm to identify effective solutions under interconnected parameters and 
nonlinear constraints. The results demonstrate that integrating fuzzy logic, neuro-fuzzy modeling, and 
evolutionary optimization improves the robustness of the control system to uncertain information. The 
proposed approach enhances decision-making, improves forecasting of field development indicators, and 
supports rational control of reservoir operating modes under changing field conditions.  
 

Keywords: hybrid approach, uncertainty, fuzzy model, expert knowledge, genetic algorithm, oil 
field.  

 

Introduction 

 

Oil field development (OFD) is a complex, multi-level technological process whose efficiency is determined 
by a large number of interrelated geological, hydrodynamic, technological, and economic factors. Modern 
fields are characterized by a high degree of reservoir heterogeneity, variations in the petrophysical properties 
of rocks, reservoir pressure instability, varying reservoir permeability, the presence of residual oil zones, and 
continuous changes in the operating modes of production and injection wells [1, 2]. These features significantly 
complicate the decision-making process in OFD management and reduce the effectiveness of traditional 
optimization methods.  

Most existing management models assume the availability of precise quantitative data, whereas real 
field development processes are accompanied by various types of uncertainty [3]. Therefore, current attention 
is focused on the use of artificial intelligence technologies, data mining, and decision support methods, as 
described, for example, in [4–6]. This approach makes it possible to analyze large volumes of production 
information, identify hidden patterns in field performance, and forecast changes in technological indicators 
with high accuracy under uncertain conditions.  

Sources of uncertainty in OFD include limited geological and field data, measurement errors, 
ambiguity in the interpretation of geophysical survey results, the stochastic nature of filtration processes, 
changes in reservoir fluid properties, and the subjectivity of expert estimates by specialists. As a result, the 
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exclusive use of deterministic models often leads to a decrease in forecasting quality and the derivation of 
suboptimal operating regimes.  

One of the most promising areas for solving this problem is the application of soft computing 
technologies, which integrate fuzzy logic, artificial neural networks, evolutionary algorithms, and probabilistic 
information processing methods [7–9]. The theory and practice of soft computing are described by Rajesh et 
al. in [7]. Issues related to the application of soft computing technologies in engineering and intelligent 
methods in geophysics are investigated by the authors of [8, 9]. Unlike classical mathematical methods, these 
technologies allow for effective handling of incomplete, inaccurate, and contradictory data, ensuring robust 
solutions under uncertainty.  

Hybrid intelligent systems that combine the advantages of various artificial intelligence methods are 
of particular interest [10, 11]. Bajaj et al. in [10] considered general issues of creating and applying hybrid 
intelligent systems. Oscar and Patricia in [10] proposed the development of hybrid intelligent systems based 
on the integration of fuzzy logic, neural networks, and metaheuristic algorithms. Fuzzy logic provides the 
formalization of expert knowledge and allows technological parameters to be described using linguistic 
variables [12–15]. Artificial neural networks possess the ability to automatically learn from production data 
and identify complex nonlinear relationships between the parameters of the field development process [16]. 
Genetic algorithms effectively solve large-scale multi-criteria optimization problems, ensuring the search for 
a global optimum in the presence of numerous constraints [17]. The combined use of these methods makes it 
possible to compensate for the drawbacks of each and significantly increase the efficiency of the intelligent 
control system.  

In recent years, the Adaptive Neuro-Fuzzy Inference System (ANFIS), which is a five-layer 
feedforward neural network combining the principles of artificial neural networks (ANNs) and fuzzy logic, 
has become widely used in modeling the technological processes of the oil and gas industry. These models 
combine the transparency of fuzzy inference systems with the learning capabilities of ANNs, allowing for the 
automatic adjustment of membership function parameters and the adaptation of the model to changing field 
operating conditions [18]. However, in most published studies, neuro-fuzzy models are used primarily for 
forecasting individual technological parameters, whereas issues of comprehensive field development 
management considering multi-criteria optimization remain insufficiently explored.  

Furthermore, existing optimization methods are often focused on achieving a single objective, such as 
maximizing oil production or minimizing operational costs. In practice, the OFD process requires the 
simultaneous consideration of several conflicting criteria, including increasing the oil recovery factor, reducing 
product water cut, minimizing energy costs, maintaining reservoir pressure stability, and complying with 
technological constraints. Solving such problems requires the application of multi-criteria optimization 
methods, i.e., decision-making capable of accounting for conflicting objectives and the uncertainty of initial 
information.  

This paper proposes a hybrid approach to OFD management based on the integration of fuzzy logic, 
the ANFIS neuro-fuzzy model, and a genetic algorithm. The proposed approach is designed for intelligent 
decision support in selecting optimal field operating modes under conditions of uncertainty in geological and 
technological information. 

The scientific novelty of the research lies in the development of a hybrid intelligent management model 
that integrates a fuzzy inference mechanism, adaptive learning of a neuro-fuzzy model, and evolutionary multi-
criteria optimization. Unlike existing approaches, the proposed model provides a comprehensive account of 
the uncertainty in technological parameters, expert knowledge, and production data, which allows for increased 
forecasting accuracy and efficiency in selecting optimal OFD operating modes.  

The practical significance of the work is determined by the potential application of the developed 
approach in intelligent control systems for oil-producing enterprises, field digital twins, and automated 
decision support systems. The use of the proposed model will make it possible to increase the oil recovery 
factor, reduce operational costs, improve the quality of well stock management, and ensure the sustainable 
functioning of field development processes under conditions of high uncertainty.  

The aim of the research is to develop and investigate a hybrid intelligent approach to OFD 
management, based on the integration of fuzzy logic methods, ANFIS neuro-fuzzy modeling, and genetic 
optimization, in order to enhance decision-making efficiency under uncertain conditions. To achieve the stated 
aim, the following objectives are addressed: 

1. To develop a mathematical model of the development process for the studied oil field, taking 
into account the uncertainty of technological parameters. 
2. To construct a fuzzy control model for the OFD process. 
3. To develop an ANFIS neuro-fuzzy model for forecasting the field's technological indicators. 
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4. To develop a genetic algorithm for the multi-criteria optimization of operating modes and a 
hybrid algorithm for managing oil field development processes. 
5. To conduct computational experiments and evaluate the effectiveness of the this hybrid 
approach compared to traditional management methods. 

 

Methods  

 

The object of the study in this work is the Kenkiyak oil field, located in the Aktobe region, which is one of the 
largest and most significant oil fields in western Kazakhstan. The deep horizons of this field are characterized 
by high reservoir pressures of up to 80 MPa and reservoir temperatures of about 100 °C, which significantly 
complicates its development. In addition, the limited volume of geological and field data, the ambiguity of its 
interpretation results, the stochastic nature of filtration processes, and changes in reservoir fluid properties 
cause uncertainty, leading to the inefficiency of existing models. In this regard, for the effective management 
of the Kenkiyak field development processes under uncertainty, it is necessary to apply modern development 
and production technologies using integrated artificial intelligence methods. To develop models of the 
development process for the studied field under uncertainty, the following data and information are used: 
● available data on the values of: reservoir pressure; oil production and water injection rates; water cut, 
reservoir permeability, and porosity, which may have a stochastic nature; 
● results of theoretical and geophysical studies, and geological and field data; 
● expert information obtained in the form of fuzzy data from expert specialists.  

Probability theory and mathematical statistics methods are used to collect and process stochastic data 
[19, 20]. The collection, formalization, and processing of fuzzy expert information and the results of the 
interpretation of geological and field data, as well as geophysical studies, are performed using expert 
assessment methods and the mathematical apparatus of fuzzy set theory [11–15, 21–25]. Expert assessment 
methods in oil field development combine the structured elicitation of professional judgments, multi-criteria 
decision analysis, and fuzzy logic to evaluate complex fields, asset performance, and risks.  

The efficiency of field operation is simultaneously affected by the geological characteristics of the 
reservoir, the petrophysical properties of the reservoir, reservoir pressure, water cut, operating modes of 
production and injection wells, as well as economic constraints. Most of the listed factors vary over time and 
have a nonlinear relationship; consequently, the use of deterministic control methods fails to ensure robust 
optimal decision-making.  

The main objective of the research is to develop a hybrid intelligent control model that integrates fuzzy 
logic, neuro-fuzzy modeling, and evolutionary optimization methods. The proposed approach is designed to 
select optimal operating modes for an oil field in the presence of uncertainty in the initial information.  
Let the vector of input technological parameters be of the form 𝑥 = (𝑥6), where 𝑥1 is the reservoir pressure, 
MPa; 𝑥2 is the oil production rate, m³/day; 𝑥3 is the water injection rate, m³/day; 𝑥4 is the water cut of the 
produced fluids, %; 𝑥5−  is the reservoir permeability, mD; 𝑥6 is the reservoir porosity, %.  
The vector of controlled variables is defined as: � = (�1, �2, … , �5), where ��, � = 1,5, characterize the 
controllable technological interventions: adjustment of pumping equipment capacity; modification of the 
waterflooding regime; regulation of bottomhole pressure; redistribution of flows among wells; and 
modification of the well stock operating regime.  
The results of the system's operation are described by the vector of output indicators: � = (�1, �2, �3, �4), 
where �1 is cumulative oil production; �2 is the oil recovery factor; �3 is the water cut; �4 is operational costs.  
Then, in a general form, the control process is described by the operator: � = �(𝑥, �, �), where � (⋅) is the 
nonlinear model of the controlled object; � is the field development time. 
Since the reservoir parameters are not fully known, the actual model of the object contains uncertainty: � =�(𝑥, �) + �(𝑥), where Δ(�) characterizes the aggregate uncertainty of the model. 

 
Architecture of the hybrid intelligent system  
The proposed hybrid control system integrates three main intelligent methods: a fuzzy inference system; the 
ANFIS neuro-fuzzy network; and a genetic algorithm. Thus, the field development process control scheme can 
be represented by the following modules:  

Production data → Fuzzy system → ANFIS → Genetic algorithm → Optimal control actions.  
The first module is designed for the collection and preprocessing of production information, as well 

as the conversion of quantitative values of technological parameters into linguistic evaluations. For example, 
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reservoir pressure is low, normal, high; water cut is low, medium, high; oil production rate is low, medium, 
high. At this stage, membership functions are used.  

The second module is ANFIS, designed to model the relationship: �̂ = �(𝑥, �), where �̂ is the 
predicted value of the technological indicator; � is the network parameters.  

During the training process, the model parameters are automatically adjusted based on production data. 
The third module is designed to implement multi-criteria optimization and determine the control action values �∗ that ensure the optimal value of the objective function �(�)→max.  

As a result, an optimal oil field development regime is formed. The architecture of the proposed hybrid 
intelligent system for OFD process management is shown in Fig. 1. 

 
Fig.1 Architecture of the hybrid intelligent system for OFD process management.  
 

Mathematical model of the OFD process 

 

Oil field development is considered as a multi-criteria control problem.  
The criteria vector has the form � = (�4), where the local criteria are: �1 = �  is cumulative oil production; �2 = !" is the oil recovery factor; �3 = −� is the water cut of produced fluids; �4 = −$ is operational costs. 
Then, the maximization of the vector can be written as: max   � = (� , !", −�, −$). 
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To obtain a single optimal solution, a weighted sum of criteria is used: � = ∑4�=1 )���, where ∑4�=1 )� =1, and )� are the importance coefficients of the local criteria. 
If it is required to increase the priority of �1 = � , i.e., oil production, then )1 > )2 > )3 > )4. is selected. 
The development process is constrained by the following technological conditions: 

− reservoir pressure constraint: +,�- ≤ + ≤ +,/0; 
− water cut constraint: � ≤ �,/0; 
− well productivity constraint: �� ≤ ��,/0, where � = 1, … , 2 is the well number; 
− injection well stock constraint: ��-3 ≤ ��-3,/0, where the subscript inj stands for injection; ��-3 is the injection volume. 

In the presence of uncertainty in technological parameters, a fuzzy description of the constraints is 
introduced.  

For each constraint, a membership function 4�(𝑥): 6 → [0,1].  
For example, for reservoir pressure 4;(+) = {0, + < +,�-, + − +,�-+∗ − +,�- , +,�- ≤ + ≤ +∗, 1, + ≥ +∗,  
where +∗ is the preferred operating pressure.  

Similarly, membership functions for the remaining technological parameters are defined. The overall 
degree of satisfaction of all constraints is calculated as  4(𝑥) = @�2(41, 42, … , 4@). 

The use of the maximin principle makes it possible to select a solution that ensures the maximum 
degree of simultaneous satisfaction of all technological constraints, @D𝑥   4(𝑥). 
Thus, the optimization problem takes the form: @D𝑥{�(�),   4(𝑥)}, which corresponds to the formulation of the 
multi-criteria control problem under uncertainty.  

The proposed mathematical model combines a deterministic description of the field development 
process with a fuzzy representation of the uncertainty in technological parameters. This formulation allows for 
taking into account both quantitative production data and expert knowledge when selecting optimal operating 
modes.  
 
Fuzzy control model for the OFD process 

 

The efficiency of OFD process management is largely determined by the completeness and reliability of the 
initial data. However, under real operating conditions, many parameters are characterized by uncertainty 
caused by reservoir heterogeneity, measurement errors, variability in the petrophysical properties of the 
reservoir, and the subjectivity of expert estimates. Therefore, this hybrid approach utilizes the fuzzy logic 
framework, which allows for the formalization of expert knowledge and the accounting of uncertainty in 
technological information.  

The most significant technological parameters have been selected as the input variables of the system: 6 = {+,   � ,   ��-3,   �,   F,   G}, where + is the reservoir pressure, MPa; � is the oil production rate, m³/day; ��-3 is the water injection rate, m³/day; � is the water cut, %;  F is the reservoir permeability, mD; G is the 
reservoir porosity, %.  

The output variable is the integral assessment of the operating mode efficiency: H = I, where I is the 
quality of the selected field development mode.  
 

Membership functions  
 
Each input variable is represented by a set of linguistic terms. For example, for reservoir pressure, the following 
set is used: J(+) = {KLM,   NOP��@,   Q�Rℎ}. 
Gaussian membership functions are applied to describe the terms 4(𝑥) = O𝑥T (− (𝑥−V)22W2 ), where V is the center 

of the membership function; W is the width coefficient of the function.  
For some parameters, triangular membership functions can be used. 4(𝑥) = {0, 𝑥 ≤ D, 𝑥 − DY − D , D < 𝑥 ≤ Y, V − 𝑥V − Y , Y < 𝑥 < V, 0, 𝑥 ≥ V,  

where 𝑥 is the value of the considered parameter (input variable) for which the degree of membership in the 
fuzzy set is calculated; D is the left boundary of the membership function; Y is the peak of the triangle, where 
the degree of membership is maximum. For 𝑥 ≥ V the degree of membership again becomes zero. On the 
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interval from D to Y, the function value increases linearly from 0 to 1; at point Y, the maximum is reached (4 =1); on the interval from Y to V, the function decreases linearly from 1 to 0. 
The use of various types of membership functions allows for the most adequate description of actual 

technological dependencies.  
Fuzzy rule base. Expert knowledge is formalized using Mamdani-type rules. A typical rule has the 

form Z�: IF + = Q�Rℎ and � = Q�Rℎ and � = KLM, THEN I = I𝑥VO[[O2�. 
… … …   … … …   … … …   … … …   … … …   … … …   … … …   Z3: IF + = KLM and � = Q�Rℎ, THEN I = +LL\. 

The complete knowledge base contains ] = ∏,�=1 2� rules, where @ is the number of input variables; 2� is 
the number of terms for each variable.  

Rule aggregation. The degree of activation of each rule is determined by the minimum operator M� =@�2(41, 42, … , 4-). Alternatively, the product can be used: M� = ∏-3=1 43. 
Defuzzification. After aggregating all active rules, the resulting fuzzy set is converted into a numerical 

value.  

The center of gravity method is used: I = ∫ ` b(`) c`∫ b(`) c` , where I is the resulting (crisp) value of the output 

variable after defuzzification; � is the value of the output variable (integral assessment of the operating mode 
efficiency); 4(�) is the membership function of the output variable, indicating the degree of membership of 
the value � to the corresponding fuzzy set, 0 ≤ 4(�) ≤ 1; P� is the infinitesimal increment of the variable � 
used in integration. It signifies that the integral is computed over the entire range of values of the output 
variable.  
The obtained value serves as input data for the neuro-fuzzy model.  
 
ANFIS neuro-fuzzy model  
 
Despite the high efficiency of classical fuzzy systems, the quality of control significantly depends on the choice 
of membership functions and the rule base. To automatically tune these parameters, the Adaptive Neuro-Fuzzy 
Inference System (ANFIS) is used in this work.  
The trainable model is defined by the expression: �̂ = �(𝑥, �), where 𝑥 is the input vector; �is the set of 
model parameters; �̂ is the predicted technological indicator.  
ANFIS consists of five sequential layers. 

First layer. The values of the membership functions are calculated: d�(1) = 4�(𝑥). 
Second layer. The rule weights are calculated: M� = ∏,3=1 4�3(𝑥3). 
Third layer. Normalization is performed: Mˉ� = fg∑hi=1 fi.  
Fourth layer. For the Sugeno model, the output of each rule is defined by a linear function:  �� = D�+ + Y�� + V���-3 + P�� + O�F + R�G + \�. 
Then d�(4) = Mˉ���. 
Fifth layer. The overall output of the model is: �̂ = ∑l�=1 Mˉ���. 

Thus, the network automatically captures the nonlinear relationship between the technological 
parameters and the field development performance indicators.  
Network training. The model parameters are determined by minimizing the quadratic error function:  
 �(�) = 12 ∑n

o=1 (�̂o)2. 
 

Parameter updating is carried out using a hybrid algorithm �(1) = �(p) − qr�(�), where �(1) is 
the new value of the model parameter vector after completing the next training step (iterations � + 1). These 
are the updated parameters to be used in the subsequent iteration; �_� is the current value of the model 
parameter vector at iteration �. The vector � includes all tunable parameters of the model, such as: neural 
network weights; membership function parameters (centers, widths, etc.) in ANFIS; q is the learning rate. It is 
a coefficient that determines the magnitude of the change in the model parameters per iteration. Typically, 0 < q < 1. If the value of q is too large, the algorithm may fail to converge; if it is too small, the training process 
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will be very slow; ∇�(�) is the gradient of the error function with respect to the parameters �. It represents a 
vector of partial derivatives of the loss function �(�):  

 r�(�) = [ u�uM1 , u�uM2 , … , u�uM2]J. 
 

The gradient indicates the direction of the steepest increase in the error function. Therefore, it is 
subtracted during parameter updating to minimize the model error.  
Physical meaning of the formula. At each training iteration, the model parameters are adjusted in the direction 
opposite to the gradient of the error function:  
New parameters = Current parameters − Learning rate × Error gradient.  
Thus, the algorithm gradually decreases the value of the error function �(�), thereby improving the model's 
accuracy. 
For ANFIS. When considering the hybrid learning algorithm for ANFIS, the given formula is applied only to 
update the premise parameters (i.e., the membership function parameters). The consequent parameters of the 
Sugeno rules are typically calculated using Least Squares Estimation (LSE). Therefore, the complete hybrid 
algorithm consists of two phases:  
Forward pass is calculation of the consequent parameters using the least squares method.  
Backward pass is updating of the membership function parameters using the formula:  �(1) = �(p) − qr�(�). 
It is precisely this combination of methods that is referred to as the hybrid learning algorithm for ANFIS. 

The least squares method is applied to the linear coefficients, while the membership function parameters are 
adjusted using the backpropagation method. This combined algorithm ensures a high training speed and model 
stability.  
 
Genetic algorithm for multi-criteria optimization 

 

After forecasting the technological indicators using ANFIS, the search for the optimal field operating mode is 
performed.  

Each individual in the population is described by the vector: w = (+, � , ��-3, �, F, G). 
Fitness function. The objective function is defined as � = )1� + )2!" − )3� − )4$, where �  is oil 
production; !" is the oil recovery factor; � is the water cut; $− is operational costs; )� are the 
weight coefficients.  
Constraints. Optimization is carried out subject to the following conditions:  
 +,�- ≤ + ≤ +,/0, � ≤ � ,/0 , � ≤ �,/0 , ��-3 ≤ ��-3,/0 . 

 

Selection. The probability of selecting an individual is determined by the expression: T� = xg∑hy=1 xy .  
Crossover. Offspring are generated according to the rule: w′ = {w1 + (1 − {)w2, where w′ is the offspring (new 
solution) obtained as a result of the crossover of two parent individuals. It is a new parameter vector that 
inherits the traits of both parents; { is the blending coefficient (crossover coefficient). It determines the 
proportion of traits the offspring inherits from the first and second parents. Its value lies in the range 0 < { < 
1. If { = 0.5, the offspring is the exact average of the two parents; if { > 0.5, the offspring is more similar to 
the first parent; if { < 0.5, the offspring is more similar to the second parent.  w1 is the first parent, representing the parameter vector (chromosome) of the first solution; w2 is the second  
parent, representing the parameter vector (chromosome) of the second solution.  
Mutation. The mutation operation is described by the expression: w�′ = w� + |, where w�′ is the value of the �-th 
parameter (gene) after mutation. It is the new value obtained after introducing a random change to the original 
gene; w� is the original value of the �-th parameter (gene) before the mutation operation is performed. It belongs 
to the current individual (chromosome); | is a random perturbation (mutational change) added to the gene 
value. It can be either positive or negative, allowing the parameter value to be randomly increased or 
decreased. δ∼](0, W2) denotes the normal (Gaussian) distribution of the random variable | with an expected 

value 4 = 0, indicating the absence of systematic bias (on average, the change is zero); a variance of W2, which 
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determines the spread of possible changes around zero; and a standard deviation W = √W2, characterizing the 
average magnitude of the random change.  

The mutation operation modifies an individual solution parameter by adding a small random deviation:  
New gene value = Original gene value + Random perturbation.  

Mutation enables the genetic algorithm to explore new regions of the solution space, prevents 
premature convergence of the population, and facilitates the search for the global optimum.  
Stopping criterion. The optimization terminates when the following condition is met: ∣ �p+1 − �p ∣< �, or after 
reaching the maximum number of generations � = �,/0 , where  �p+1 is the value of the objective or fitness 
function at the next optimization iteration (� + 1). It characterizes the quality of the best found solution after 
the next step of the algorithm; F_t is the value of the objective (or fitness) function at the current iteration t. 
This value is used for comparison with the result of the next iteration; ε is the specified allowable error 
(convergence threshold). It is a small positive number that determines the minimum change in the objective 
function value at which the algorithm is considered to have converged. Typically, ε > 0, for example, � =10−3,   10−4  L\  10−6, depending on the required solution accuracy.  

The criterion ∣ �p+1 − �p ∣< � means that the change in the objective function value between two 
consecutive iterations has become so small that further optimization practically does not improve the solution. 
In this case, the algorithm terminates, and the found solution is accepted as optimal (or near-optimal).  
 

Hybrid algorithm for OFD process management 

 

The hybrid approach integrates the three considered methods (based on the fuzzy model, the ANFIS neuro-
fuzzy model, and the genetic algorithm) into a single intelligent system for OFD process management. The 
operational scheme of the proposed hybrid algorithm for OFD process management is shown in Fig. 2. 

 



9 

 
Fig.2 Operational scheme of the hybrid algorithm for OFD process management.  
 

Thus, the operation of the hybrid algorithm for OFD process management can be represented by the 
following sequence: 
1. Collection of technological data from production and injection wells. 
2. Data preprocessing and parameter normalization. 
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3. Conversion of quantitative indicators into linguistic variables using fuzzy logic. 
4. Generation of an integral assessment of the field state using the Mamdani fuzzy inference system. 
5. Forecasting of technological indicators using the trained ANFIS neuro-fuzzy network. 
6. Search for the optimal field operating mode using a genetic algorithm, taking into account 
technological constraints and efficiency criteria. 
7. Transmission of optimal control actions to the decision support system.  

Formally, the hybrid model can be represented by the operator �∗ = ��(�]���(��ww�(𝑥))), where ��ww� (⋅) is the fuzzy inference module; �]��� (⋅) is the adaptive neuro-fuzzy forecasting model; �� (⋅) is 
the genetic algorithm for multi-criteria optimization.  

This hybrid approach combines the advantages of expert knowledge, adaptive machine learning, and 
evolutionary optimization. Fuzzy logic enables the formalization of uncertainty in the initial data; ANFIS 
allows for the automatic adaptation of the model to changing field development conditions; and the genetic 
algorithm ensures an efficient search for globally optimal operating modes. The integration of these methods 
forms an intelligent control system characterized by high robustness to uncertainty and capable of making 
effective decisions under the complex geological and technological conditions of oil field development.  

 
Results  

 

Architecture of the Adaptive Neuro-Fuzzy Inference System (ANFIS) 

 

The constructed ANFIS architecture, comprising the five sequential layers described in the previous section, 
is presented in Fig. 3. 
 

 𝑥1 is reservoir pressure; 𝑥2 is oil production rate; 𝑥3is water injection rate; 𝑥4− water cut; 𝑥5− 

reservoir permeability; 𝑥6− reservoir porosity; m1=m2=m3=m4=m5=m6=3; Total 

number of rules N=36  
 

Fig.3 Architecture of the ANFIS adaptive neuro-fuzzy model for managing the oil field development process. 
 
Results of the computational experiment  
 
To evaluate the effectiveness of this hybrid approach, a computational experiment was conducted simulating 
the oil field development management process under conditions of uncertainty in geological and technological 
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parameters. The study was performed based on the production data of the Kenkiyak oil field, the characteristics 
of which correspond to the typical operating conditions of the fields in Western Kazakhstan.  

The main input parameters of the model included reservoir pressure P, oil production rate � , volume 
of injected water ��-3, water cut �, permeability F and reservoir porosity G. For each parameter, variation 
ranges were defined to reflect actual production operating conditions. The initial values of the oil field's 
technological parameters are presented in Table 1.  
 

Table 1 Initial values of the oil field technological parameters. 
Parameter Symbol Unit of measurement Min Max Average 
Reservoir pressure + MPa 16 28 22 

Oil production rate �  m³/day 40 210 125 

Water injection rate ��-3 m³/day 50 250 145 

Water cut � % 15 85 47 

Permeability F mD 45 620 280 

Porosity G % 10 29 19 

 
To form the training and test samples, 1000 records of production data were used. Of these, 70% were 

used for model training, 15% for validation, and 15% for testing.  
To implement the proposed approach, the parameters of the fuzzy system, the ANFIS neuro-fuzzy 

network, and the genetic algorithm were tuned, as presented in Table 2. 
 

Table 2 Parameters of the proposed hybrid model. 
Component Parameter Value 
Fuzzy system  Number of input variables 6 
Fuzzy system  Number of linguistic terms 3 
Fuzzy system  Number of rules 729 
ANFIS Membership functions Gaussian 
ANFIS Number of epochs 100 
ANFIS Learning algorithm Hybrid 
Genetic algorithm  Population size 100 
Genetic algorithm  Number of generations 200 
Genetic algorithm  Crossover probability 0.85 
Genetic algorithm  Mutation probability 0.05 

 
The use of three linguistic terms for each variable ("low", "medium", "high") allowed the formation 

of a knowledge base consisting of ] = 36 = 729 fuzzy rules.  
Scheme of the computational experiment. The computational experiment was conducted in the following 
stages: 

1. Collection and preprocessing of production data. 
2. Formation of the fuzzy knowledge base. 
3. Training of the ANFIS neuro-fuzzy network. 
4. Forecasting of technological indicators. 
5. Search for optimal operating modes using the genetic algorithm. 
6. Analysis of the robustness and sensitivity of the obtained solutions.  

The scheme of the computational experiment is presented in Fig. 4. 
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Fig. 4 Operational scheme of the proposed hybrid intelligent control system for oil field development. 
 
ANFIS modeling results  
 

After training the ANFIS, an evaluation of the forecasting quality for the oil recovery factor was 
conducted. The error function was defined by the expression:  
 N�I = 1] ∑l

�=1 (�� − �̂�)2, 
 

where MSE is the mean squared error, an indicator of the ANFIS model's forecasting quality, characterizing 
the average value of the squared deviations between the actual and predicted values. The lower the MSE value, 
the higher the model's accuracy; N is the number of observations (experimental data, examples, or test samples) 
used to calculate the error; �� is the actual (experimentally measured) value of the oil recovery factor for the i-
th observation; �̂� is the predicted (calculated by the ANFIS model) value of the oil recovery factor for the i-
th observation;  � is the observation index, taking values from 1 to N.  

During the training process, a steady decrease in the error was observed. The main results of the ANFIS 
model training are presented in Table 3.  
 

Table 3 Results of the ANFIS model training. 
Epoch N�I 
0 0.512 
10 0.238 
20 0.149 
40 0.091 
60 0.061 
80 0.044 
100 0.037 
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The obtained results demonstrate the high efficiency of the hybrid learning algorithm. After 100 
epochs, the mean squared error decreased more than 13-fold. Figure 5 presents the model's learning curve, 
illustrating the training process: the mean squared error versus the number of epochs. 
 

 
Fig. 5 ANFIS model learning curve, convergence of the training process. 
 

The obtained graph demonstrates a rapid decrease in the error during the initial stages of training, 
followed by a subsequent stabilization of the optimization process.  
Forecasting of the oil recovery factor. The forecasting results on the test set are presented in Table 4.  
 

Table 4 Forecasting results using the ANFIS model  
Example Actual value of !" Predicted value of  !" Error (%) 
1 0.321 0.317 1.25 
2 0.354 0.361 1.98 
3 0.387 0.381 1.55 
4 0.412 0.406 1.46 
5 0.438 0.445 1.60 

 
The average relative forecasting error does not exceed 2%, confirming the high accuracy of the 

constructed model.  
Figure 6 presents a comparison of the actual and predicted values of the oil recovery factor using the ANFIS 
model. 
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Fig. 6 Comparison of the actual and predicted values of the oil recovery factor using the ANFIS model.  
 

Analysis of the graph demonstrates that the predicted values of the oil recovery factor practically 
coincide with the actual values. The maximum deviation does not exceed 2%, and the mean relative error is 
approximately 1.57%, indicating the high accuracy of the ANFIS model. Both curves exhibit the same growth 
trend, confirming the model's ability to adequately reproduce the patterns of oil recovery factor variations and 
its applicability for forecasting under various field development regimes. The nearly perfect overlap of the 
curves demonstrates the model's capability to accurately capture the nonlinear patterns of the field development 
process.  
 
Comparison with existing methods  
 
To evaluate the effectiveness of the proposed hybrid ANFIS+GA+Fuzzy method, a comparison was conducted 
with the following established methods: fuzzy system (Fuzzy); artificial neural network (ANN); genetic 
algorithm (GA); and the ANFIS neuro-fuzzy system.  
The following criteria were used for comparison: 
 

ZN�I = √1] ∑l
�=1 (�� − �̂�)2;  N�I = 1] ∑l

�=1 ∣ �� − �̂� ∣; Z2 = 1 − ∑(�� − �̂�)2∑(�� − �ˉ)2. 
 

The comparison results are presented in Table 5.  
 

Table 5 Comparison of the forecasting accuracy of existing methods and the proposed hybrid method 
Method RMSE MAE Z2 
Fuzzy 0.084 0.071 0.891 
ANN 0.062 0.050 0.925 
GA 0.058 0.046 0.931 
ANFIS 0.041 0.033 0.962 
Proposed hybrid method 0.029 0.022 0.983 

 
The obtained results demonstrate that this proposed hybrid approach yields the lowest RMSE and 

MAE values, as well as the highest coefficient of determination, confirming the effectiveness of the proposed 
method. For example, compared to the classical fuzzy system, the forecasting error decreased by approximately 0.084−0.0290.084 × 100 = 65.5%. At the same time, the coefficient of determination increased from 0.891 to 0.983. 
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Thus, the proposed hybrid method, by integrating fuzzy logic, ANFIS, and a genetic algorithm, 
provides a significant improvement in forecasting quality and the efficiency of oil field development process 
management. 
 

Sensitivity analysis and comparative evaluation of the effectiveness of the hybrid approach 

 

Following the evaluation of forecasting accuracy, the robustness of the proposed hybrid model to changes in 
optimization priorities and the uncertainty of technological parameters was assessed. The objective of the 
sensitivity analysis was to identify the factors that have the greatest impact on the efficiency of oil field 
development process management, as well as to evaluate the robustness of the obtained optimal solutions.  

The main sensitivity factors considered were: the weight coefficient for oil production, )1; the weight 
coefficient for the oil recovery factor,  )2; the weight coefficient for the water cut, )3; and the weight 
coefficient for operational costs, )4.  The vector of weight coefficients is expressed as ) = ()1, )2, )3, )4),  
where the sum of the weight coefficients equals 1. 

The baseline calculation scenario corresponded to the values ω = (0.40, 0.30, 0.20, 0.10). Each 
coefficient was varied within a range of ±20%, while the remaining coefficients were automatically normalized 
to maintain the condition ∑4�=1 )� = 1. 

To quantitatively evaluate the sensitivity, a relative coefficient was used: �� = �x/x��g/�g. 
Here �� is the relative sensitivity coefficient of the objective function to the change in the �-th weight 
coefficient; �is the initial value of the objective function; ��is the change in the objective function after 
varying the parameter; )� is the initial value of the �-th weight coefficient; �)�is the change in this weight 
coefficient. The coefficient �� characterizes the relative change in the objective function per unit relative 
change in the corresponding model parameter. The larger the value of ��, the stronger the influence of the 
considered parameter on the control quality. 
Influence of the weight coefficients. The calculation results are presented in Table 6.  
 

Table 6 Sensitivity analysis of optimization criteria  
Weight coefficient Variation Change in objective function Sensitivity )1  ±20 % ±13.8 % High )2  ±20 % ±8.1 % Moderate )3  ±20 % ∓6.3 % Moderate )4  ±20 % ∓4.4 % Low 

 

The results presented in this table show that the weight coefficient for oil production, )1, has the 
greatest influence on the optimal solution. This is explained by the fact that oil production is the primary 
optimization criterion and directly determines the value of the objective function. 

The weight coefficient for the oil recovery factor, )2 has a moderate influence. Its increase leads to 
the selection of more efficient waterflooding regimes that ensure an increase in ultimate oil recovery; however, 
it is accompanied by a certain decrease in current production. The weight coefficients for water cut and 
operational costs have a less pronounced influence on the final solution. This indicates the high robustness of 
the developed algorithm to changes in secondary criteria.  
Analysis of the influence of input parameter uncertainty. To evaluate the robustness of the model, 
computational experiments were conducted at various levels of uncertainty in the initial data. 

Let 𝑥� = 𝑥�0 + |� , MℎO\O 𝑥�0 is the nominal value of the parameter; |� is the random deviation. This 
means that the actual value of the parameter equals the nominal value plus a random measurement error. It 
was assumed that the random deviation of the i-th parameter follows a normal distribution with a zero mean 
and a variance of W2, i.e.  |� ∼ ](0, W2), where W characterizes the level of measurement uncertainty. The 
zero mean indicates the absence of systematic measurement error, whereas the parameter W characterizes the 
level of random uncertainty and the measurement accuracy.  

In the experiments, four noise levels were considered: 0%; 5%; 10%; and 15%. The results of the 
robustness evaluation of the proposed hybrid model are presented in Table 7.  
 

Table 7 Robustness of the proposed hybrid model. 
Noise level RMSE MAE Z2 
0 % 0.029 0.022 0.983 
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5 % 0.031 0.024 0.979 
10 % 0.035 0.028 0.972 
15 % 0.041 0.033 0.964 

 
Analysis of the model's robustness to noise demonstrated that as the level of random perturbations 

increased from 0% to 15%, the RMSE value increased from 0.029 to 0.041. Despite the decrease in forecasting 
accuracy, the error growth remains moderate, indicating the high robustness of the ANFIS model and its ability 
to maintain adequate forecasting quality under conditions of input data uncertainty. Furthermore, as can be 
seen from Table 7, even at an uncertainty level of 15%, the coefficient of determination remains above 0.96, 
confirming the high stability of the hybrid model.  

Figure 7 presents a graph showing the dependence of RMSE on the level of input data uncertainty.  
It can be seen from Fig. 7 that the error increases almost linearly with increasing uncertainty. At the same time, 
the rate of error growth remains relatively small, confirming the high robustness of the developed algorithm. 

 
Fig. 7 Effect of input data uncertainty on the forecasting accuracy of the proposed hybrid model  
 

Pareto analysis of multi-criteria optimization 

 

To investigate the trade-offs between conflicting criteria, the Pareto principle was applied.  
The optimal set is defined as: + = {𝑥 ∈ 6   ∣    ∄𝑥′: �(𝑥′) ≻ �(𝑥)}, 

 
where + is the Pareto set (of Pareto-optimal solutions); 𝑥 is the considered solution; 6 is the set of all feasible 
solutions satisfying the constraints; 𝑥∈6 means that the solution 𝑥 belongs to the set of feasible solutions; ∣ 
means "such that"; ∄ means "there does not exist"; 𝑥′ is any other feasible solution; �(𝑥) is the vector of values 
of all criteria for the solution 𝑥. �(𝑥′)≻�(𝑥) means that the solution 𝑥′ dominates the solution 𝑥, that is: it is no 
worse across all criteria and strictly better in at least one criterion.  

Consequently, the Pareto set consists of all feasible solutions for which there does not exist another 
feasible solution that outperforms them across all criteria simultaneously. In the vector of objective criteria �(𝑥): �(𝑥) = (� ,   !",   −�,   −$), �  is the oil production volume (or oil production rate), which must be maximized; !" is the oil  
recovery factor, which also must be maximized; is the water cut of the produced fluids, which must be  
minimized; $ is the total operational costs, which also must be minimized.  

The "minus" signs in −� and −$ are used because, when constructing the Pareto front, all criteria are 
usually converted to a single form – maximization. That is: maximizing �L; maximizing !"; maximizing −� 
is equivalent to minimizing �; maximizing −$ is equivalent to minimizing $.  
As the criterion for selecting the final solution, the Bellman-Zadeh maximin criterion is applied: @D𝑥 {@�2 (4�0(𝑥), 4��(𝑥), 4�(𝑥), 4�(𝑥))}, 
where 4�0(𝑥), 4!\(𝑥), 4�(𝑥), 4$(𝑥) are the membership functions describing the degrees of satisfaction for 

the oil production volume (� ), oil recovery factor (!"), water cut (�) and total operational costs ($); @�2(∙) 
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is the minimum degree of satisfaction among all criteria; @D𝑥{∙} is the selection of the solution for which this 
minimum degree of satisfaction is maximized.  

Thus, according to this criterion for selecting the final solution, the degrees of satisfaction for all 
criteria are calculated for each solution, the worst (minimum) degree of satisfaction is determined, and the 
solution with the maximum value of this minimum degree is selected from all available solutions. As a result, 
a Pareto-optimal solution is selected in which the least satisfied criterion achieves the maximum possible 
degree of satisfaction. This approach ensures the most balanced compromise solution, providing an optimal 
trade-off among oil production, recovery factor, water cut, and operational costs.  

Figure 8 shows the Pareto front obtained by the genetic algorithm. 

 
Fig. 8 Pareto front obtained using the proposed hybrid optimization algorithm.  
 

It can be seen from Figure 8 that the proposed method generates a dense Pareto front containing a 
large number of non-dominated solutions. This provides the decision maker with the opportunity to select an 
operating regime depending on current production requirements.  
Comparison of the effectiveness of various optimization methods. For the final evaluation of the effectiveness 
of the developed hybrid optimization algorithm, its results were compared with those of established 
optimization methods.  
 

Table 8 Comparison of optimization results of the compared methods  

Method 
Oil 
production �  (m³/day) 

Recovery 
factor !" 

Water cut � 
(%) 

Operational 
costs $ (%) 

Compu
tation 
time (s) 

Deterministic optimization 183 0.412 52.6 100 5.8 

Fuzzy Logic 188 0.425 50.9 98.7 8.6 
ANN 191 0.431 49.8 97.2 10.9 
ANFIS 195 0.444 47.6 95.5 12.7 
Proposed hybrid method 201 0.462 45.3 92.8 13.4 

 
The results demonstrate that the proposed approach provides the best values across nearly all the evaluated 
indicators, with the exception of computation time. 
 

Discussion 

 

The obtained results confirm that the integration of fuzzy logic, ANFIS neuro-fuzzy modeling, and a genetic 
algorithm allows for the effective consideration of various types of uncertainty inherent in oil field 
development processes. Unlike existing methods based on deterministic, fuzzy, and ANFIS models, as well as 
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artificial neural networks, the proposed hybrid approach possesses the ability to adapt to changing production 
conditions through learning from actual data and the utilization of expert knowledge. 

The results of the computational experiments confirm that this hybrid approach, based on the 
integration of fuzzy logic, the ANFIS neuro-fuzzy network, and a genetic algorithm, provides more effective 
management of oil field development processes compared to traditional methods. Unlike existing approaches, 
the proposed approach accounts for the uncertainty of geological and technological information, which allows 
for obtaining more robust and practically applicable solutions. 

The conducted comparison with existing methods has shown that the combination of artificial 
intelligence methods provides a synergistic effect. The fuzzy system formalizes the expert knowledge of 
specialists and allows for taking into account qualitative characteristics that are difficult to describe using 
analytical dependencies. In turn, ANFIS automatically adapts the parameters of the membership functions and 
the rule base based on production data, significantly improving forecasting accuracy. The genetic algorithm 
ensures an efficient search for the global optimum in a multidimensional solution space and avoids getting 
trapped in local extrema, which is one of the main drawbacks of gradient optimization methods. 

The ANFIS training results demonstrate the model's high capability to approximate complex nonlinear 
relationships between field development parameters and technological indicators. The reduction of the training 
mean squared error to a value of 0.037 and the achievement of a coefficient of determination Z2 = 0.983 
confirm the high quality of forecasting. The obtained metrics surpass the results of individual fuzzy logic 
models, artificial neural networks, and classical evolutionary algorithms, which is explained by the combined 
use of adaptation and optimization mechanisms. 

The sensitivity analysis of the developed model is of particular interest. The obtained results show that 
the weight coefficient characterizing the priority of oil production has the greatest influence on the control 
quality. This is expected, as increasing the weight of this criterion shifts the optimal solution towards the region 
of maximum production well performance. Conversely, increasing the weight coefficients associated with 
limiting the water cut and reducing operational costs forms more conservative operating regimes that ensure 
the long-term efficiency of field development. 

The study of the model's robustness to input data uncertainty showed that even with an increase in the 
level of random perturbations up to 15%, the forecasting quality decreases insignificantly. The value of the 
coefficient of determination remains above 0.96, and the growth of the RMSE and MAE errors is smooth. This 
indicates the high robustness of the proposed algorithm and the possibility of its application under conditions 
of incomplete and inaccurate geological and field data, which is a characteristic feature of most operating oil 
fields. 

The results of the Pareto analysis show that the proposed algorithm is capable of generating a set of 
compromise solutions, ensuring a balance between productivity, oil recovery, water cut, and costs. Such an 
approach is particularly important for decision-making under changing economic and technological 
constraints. 

The results of comparing the effectiveness of the proposed hybrid optimization algorithm with the 
results of existing methods, presented in Table 8, show that the proposed algorithm allows: 

- increasing daily oil production by 3.1% to 9.8%; 
- increasing the oil recovery factor by 4.1% to 12.1%; 
- reducing the water cut by approximately 4.6% to 13.9%; 
- decreasing operational costs by approximately 5.5% to 7.2%.  

Despite the increase in computation time, the additional computational resource costs are insignificant 
compared to the achieved improvement in management efficiency. 

In total, the obtained results indicate the high effectiveness of this hybrid approach and confirm the 
prospects of its use in intelligent systems for oil field development management and digital twins of oil and 
gas facilities. 

It should also be noted that there are some limitations to the conducted study. In this work, data from 
a single studied field and a limited set of technological parameters were considered. In the future, it is advisable 
to expand the model by taking into account the spatial heterogeneity of the reservoir, geomechanical processes, 
and multiphase flow, as well as by using deep learning methods, digital twins, and reinforcement learning 
algorithms. This will make it possible to improve forecasting accuracy and expand the scope of application of 
the developed approach. 

Thus, the results of the study indicate that the integration of fuzzy logic methods, neuro-fuzzy 
networks, and evolutionary optimization is a promising direction for the development of intelligent 
technologies for oil field development management under uncertain conditions. 
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Conclusion  
 
In this study, a hybrid intelligent approach to managing oil field development processes under uncertainty is 
proposed, based on the integration of fuzzy logic methods, the Adaptive Neuro-Fuzzy Inference System 
(ANFIS), and a genetic algorithm for multi-criteria optimization. Unlike traditional management methods, the 
developed approach allows for the simultaneous consideration of quantitative production data and qualitative 
expert knowledge, which significantly enhances the efficiency of management decision-making. 
A mathematical model for intelligent control has been developed, describing the relationship between the 
technological parameters of field development and operational efficiency indicators. To formalize the 
uncertainty of geological and technological information, the mathematical apparatus of fuzzy sets was 
employed, ensuring an adequate representation of expert knowledge regarding the state of the controlled 
object. 

An ANFIS neuro-fuzzy model was constructed, enabling the automatic adaptation of membership 
functions and rule base parameters based on field data. The conducted computational experiments 
demonstrated high forecasting accuracy for technological indicators, as evidenced by low RMSE and MAE 
error values and a high coefficient of determination (Z2 = 0.983). 

To identify optimal operating modes for the oil field, a multi-criteria optimization genetic algorithm 
was developed, ensuring an efficient search for globally optimal solutions in the presence of numerous 
technological constraints. The application of the Pareto principle made it possible to generate a set of 
compromise solutions balancing oil production volume, oil recovery factor, water cut levels, and operational 
costs. 

The results of the comparative analysis demonstrated that the proposed hybrid approach outperforms 
classical fuzzy logic methods, artificial neural networks, standalone ANFIS, and traditional genetic algorithms 
across the primary efficiency criteria. The obtained results indicate improved forecasting accuracy, an 
increased oil recovery factor, reduced operational costs, and enhanced robustness of the control system against 
the uncertainty of initial data. 

The practical significance of the study lies in the potential application of the developed method in 
intelligent decision support systems, oil field digital twins, automated oil production management systems, 
and digital oil and gas enterprises. The implementation of this hybrid approach contributes to improved field 
operational efficiency, the rational use of natural resources, and the mitigation of production risks. 

Promising directions for future research include the development of self-learning intelligent control 
systems, the integration of deep learning and reinforcement learning methods, the application of oil field digital 
twins, and the use of distributed computing to optimize the development processes of large oil and gas assets 
in real time. 
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