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ABSTRACT

Hydrocarbon exploration requires simultaneous optimization of multiple performance objectivesconcurrently,
such as rate of penetration (ROP), mechanical specific energy (MSE), and operating cost. Conventional single-
objective or heuristic methods usually do not account trade-offs amongst such conflicting factors hence they
perform sub optimally. This paper constructs a multi-objective optimization model based on the Non-dominated
Sorting Genetic Algorithm 1l (NSGA-II) to determine optimal drilling parameters, i.e. weight-on-bit (WOB),
rotary speed (RPM), and mud pump rate, which maximize ROP, minimize MSE, and minimize cost per meter.
The algorithm was used to analysis simulated and field-derived datasets of the drilling process to produce
Pareto-optimal solutions. Findings reveal that the NSGA-11 algorithm has the potential to increase ROP by up to
20%, decrease MSE by some 15% and lower the cost per meter by 10% compared to the case of baseline
drilling conditions. The solutions that maximized ROP had a moderate increment in torque within the safe
working conditions, and solutions that minimized MSE enhanced efficiency in drilling and minimized energy
losses. The resulting Pareto front gives the engineers of the drilling industry a visual and quantitative tool that
will help them in choosing a set of parameters that satisfy set operational priorities. The model shows that
evolutionary algorithms offer an effective way to maneuver through nonlinear optimization surfaces, which are
complex, but also provides solid advice that can be used when deciding on drilling operations. In general, the
research indicates that multi-objective evolutionary optimization can lead to the improvement of the drilling
performance, decrease of non-productive time, and benefit the economic results offering a scalable and data-
driven solution to the real-time operational planning and optimization.
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I.  Introduction

The optimization of drilling is a major issue in the contemporary petroleum engineering because the
drills have become more complex with the long-range drilling, as well as high operational costs. Effective
choice of drilling parameters is directly related to various properties of well behavior, such as the rate of
penetration (ROP), mechanical specific energy (MSE), tool life, vibration control and the overall economic
efficiency of the operations [1], [2]. The deeper the wells reach and the more severe the conditions in the
formation are, the less effective are conventional trial-and-error methods of changing the parameters of drilling
in order to provide an optimal operation of the wells [3]. Decision-making in the operations is further
complicated by the nonlinear nature of interaction between the controllable variables of drilling including
weight-on-bit (WOB), rotary speed (RPM), and drilling fluid flow rate [4]. The slight variations of one
parameter can cause a disproportionate impact on other performance indicators, and uncoordinated alterations
can cause lowered efficiency, equipment wears, or even operational risks. This highlights the need to be
systematic and data-driven to optimize the drilling parameters as a whole and not as separate metrics.

Recent advancement of real-time data acquisition systems and digital oilfield technologies has made it
possible to monitor the parameters of the drilling process and the conditions in the downhole continuously [5],
[6]. Torque sensors, vibration sensors, pressure sensors and flow meters can offer high-frequency measurements,
which have never been measured before and give a great understanding of well dynamics. Nevertheless, the
problem of transforming such huge amounts of operational data into feasible optimization tools is still a
significant challenge, posed to engineers and researchers. Conventional single-objective optimization techniques
that mainly target the maximization of ROP frequently result in undesired effects like an increase in the
vibration of the drill-string, an increase in the torque, an accelerated rate of bit wear, and an increased risk of
operation [7], [8]. Consequently, the process of optimization of drilling currently requires a multi-objective
approach, which is capable of simultaneously considering ROP, energy consumption, costs of operation, and
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equipment durability [9]. The method enables engineers to make a quality trade-off amongst conflicting goals
and enhance the overall performance of the drilling in complicated settings.

The strength of evolutionary algorithms (EAs) in dealing with such multi-objective optimization
problems has been due to its capability of nonlinear, non-convex, and multi-modal search space [10]. The Non-
dominated Sorting Genetic Algorithm 1l (NSGA-II) is one of them and has proven to have good convergence
properties and good ability to retain the diversity of solutions particularly in engineering problems with
conflicting objectives [11], [12]. According to the recent studies, evolutionary multi-objective optimization
models can considerably improve the efficiency of the drilling process without violating operational constraints
including the torque limits, vibration limits, and integrity of the formed formations [13], [14]. On the basis of
these developments, this paper presents a systematic multi-objective evolutionary optimization model of drilling
operations that considers the goal of ROP maximization, MSE minimization, and cost reduction and offers a
comprehensive model to facilitate the enhancement of drilling performance, safety, and cost-effectiveness.

Il.  Literature Review

Recent literature points towards shift of the old-fashioned empirical and mechanistic forms of drilling
to the new forms of data-driven and optimization-related designs that can better address the complex downhole
processes. Artificial neural networks (ANN), support vector machines (SVM) and advanced deep learning
architectures are some examples of machine learning techniques that have been deployed to forecast the rate of
penetration (ROP) and detect possible drilling malfunctions [15], [16]. These predictive models improve the
accuracy in foretelling and offer engineers early alerts of the operational inefficiency. Nonetheless, predictive
analytics are essential to studying the behavior of drilling, but they do not necessarily dictate the best operation
decisions. To convert predictions into actionable drilling plans, the optimization algorithms should be
incorporated with these data-based models that will identify the optimal combination of controllable parameters
under real time scenarios.

Mechanical Specific Energy (MSE) is still considered one of the most used measures of drilling
efficiency since it has been shown to measure the degree of energy necessary to remove a unit volume of rock,
which is directly proportional to the bit-rock interaction and the energy losses as a result of drilling processes
[17]. Through MSE, engineers are able to detect areas where energy is being wasted, identify areas where
drilling is not being carried out efficiently as well as determine how the various bit designs perform in different
formation conditions. Recent research after 2018 has further potentiated the application of MSE by combining it
with high-level data analytics, such as real-time monitoring of sensors and multivariate analysis, to identify
inefficiency points in operations and to optimise significant parameters in the drilling operation such as weight-
on-bit (WOB) and rotary speed (RPM) [18]. These methods allow a more detailed view of the correlation
between energy and performance as the operators could dynamically change parameters to achieve efficient
drilling and minimize the wear of the equipment and energy use. Nevertheless, extreme attention to reducing
MSE may not be the right way to guarantee the highest level of the drilling productivity or cost-efficiency. A
low MSE can be seen to represent low penetration rates or non-optimal operating decisions when taken
independently. This fact gives prominence to multi-objective optimization models, which take into consideration
MSE and other performance indicators that are of utmost importance like rate of penetration (ROP), torque
constraints, vibration constraints, and total cost of drilling.By considering trade-offs between these objectives,
multi-objective frameworks enable engineers to identify parameter sets that provide the best compromise
between energy efficiency, speed of drilling, and economic factors instead of pursuing optimization for single
parameter specific goals and potentially jeopardizing overall performance of the intended well.

Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Differential Evolution (DE), and Ant
Colony Optimization (ACO) are the most common metaheuristic optimization methods that have been used to
solve the drilling parameter optimization problems [19]. They can effectively search in highly nonlinear and
multimodal search spaces unlike the classical gradient-based algorithms. The Non-dominated Sorting Genetic
Algorithm Il (NSGA-II) has proved to be a very useful attempt among them because of its elitism control and
non-dominated sorting approach, which allows producing Pareto-optimal solutions without consideration of
subjective weighting factors [11], [20]. According to the latest multi-objective drilling investigations,
quantifiable changes in ROP (between 10 and 25 percent), and decreases in MSE (about 10 and 20 percent) have
been reported without affecting torque and vibration within a safe range [1], [13]. Moreover, combining
evolutionary optimization algorithms with digital twin technologies and real-time drilling automation platforms
are also becoming an area of interest, as a potential avenue to full autonomy in drilling processes being data-
driven [5], [14]. Although these have been achieved, elaborate frameworks that concur in the balancing of the
drilling performance, energy conservation, and economic goals in the feasible field conditions are still scarce.
The gap in this study is filled by designing and assessing a multi-objective evolutionary optimization model that
is specially designed to suit the modern drilling operations.
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I11.  Methods

3.1 Drilling Data and Parameter Representation

In order to model the drilling operations as multi-objective optimization, weight-on-bit (WOB), rotary
speed (RPM), torque (T) and mud flow rate (Q) were gathered in the form of historical well data and simulated
drilling operations. These are the parameters that are considered decision variables in the optimization model.
Preprocessing of data entailed normalization whereby all parameters are presented at similar scales that are
required in the efficient convergence of evolutionary algorithms. The targets of the operational parameters are
translated into the objective functions in the form of the drilling performance measures Rate of Penetration
(ROP), Mechanical Specific Energy (MSE) and Cost per Meter (C).

3.2 Multi-Objective Optimization Formulation

The multi-objective problem is formulated in order to optimize ROP and minimize the energy use and
operating cost subject to operational constraints. All functionalities of the objective are mathematically defined
and limitations of WOB, RPM and torque are introduced to provide realistic and safe drilling conditions.

The Rate of Penetration (ROP) is a nonlinear function of drilling parameters and it is represented as
shown in Equation 1:
ROP = f(WOB,RPM, Q) 1)

Where:

e (ROP) = Rate of Penetration (m/h)

o (WOB) = Weight-on-Bit (kN)

e (RPM) = Rotary Speed (rev/min)

e (Q)=Mud Flow Rate (m3h)

Mechanical Specific Energy (MSE) is calculated by using equation 2 and it is used to determine the amount of

the energy which is needed to extract one unit volume of rock:
WOB 120nT-RPM

MSE = — + ————— )
A A-ROP
Where:
e (MSE) = Mechanical Specific Energy (kPa)
e (A) = Bit cross-sectional area (m?)
e (T)=Torque (KN-m)
e (RPM) = Rotary Speed (rev/min)
e (ROP) = Rate of Penetration (m/h)
The Cost per Meter (C) is calculated as shown in equation 3 and it formulates a relationship between operation
efficiency and economic performance:
Cri

= ®)
Where:
e (C) = Cost per meter ($/m)
e C,y = Rig operating cost ($/h)
e (ROP) = Rate of Penetration (m/h)

3.3 Evolutionary Algorithm Implementation

Non-dominated Sorting Genetic Algorithm Il (NSGA-I1) was the optimization algorithm used because
of the fact that it can solve nonlinear multi-objective optimization problems and produce multifarious Pareto
optimal solutions. The algorithm works by starting with a population of candidate solutions and scoring them
based on the three objectives and then repeating the process of selection, crossover, and mutation, keeping non-
dominated sorting and crowding distance measures to ensure that the population has a high diversity of
solutions. The definition of convergence criteria was according to stability of Pareto front between generations.

3.4 Training and Simulation Setup

The drilling conditions simulated different formation characteristics, mud behavior, and disturbances
during operations. The dataset was divided into 70 percent to use in training the evolutionary algorithm
population, 15 percent to use in validating and 15 percent to be used to test the ability of the solutions to be
generalized. The hyperparameters of NSGA-II such as population size, crossover probability, and mutation rate
were optimized based on grid search and early stopping criterion in order to achieve effective convergence
without overfitting.
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3.5 Output and Evaluation

The algorithm generates a Pareto front giving the trade-offs of ROP, MSE, and cost. The best solutions
are selected and optimized to come up with the drilling parameter combinations that are most efficient and have
minimal energy consumption and operational cost. The performance is measured by the prediction of values of
ROP, MSE, and cost against the historic and simulated baseline cases that enable quantification of the outcome
in terms of improvement in the efficiency of operations, use of energy and economic indicators.

IV.  Results and Discussion
4.1 Pareto Front of Multi-Objective Optimization
Figure 1 represents the Pareto front obtained with the help of the NSGA-II algorithm that presents
trade-offs between the Rate of Penetration (ROP), Mechanical Specific Energy (MSE), and the cost of drilling.
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Figure 1: Pareto Front vs MSE

Each point represents an optimized set of drilling parameters. Figure 1 represents the Pareto front
obtained with the help of the NSGA-II algorithm that presents trade-offs between the Rate of Penetration (ROP),
Mechanical Specific Energy (MSE), and the cost of drilling.

4.2 ROP Improvement
Figure 2 shows predicted ROP of the optimized parameter sets with drilling conditions of the baseline.
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Figure 2: ROP Improvement Across Optimized Solution
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The peak ROP is 10.2 m/h, whereas the average baseline functions are 8.5 m/h. Figure 2 indicates that
evolutionary optimization can enhance a maximum penetration of 20 percent most particularly with an increased
weight-on-bit (WOB = 25 kN) and rotary speed (RPM = 120 rpm). The enhancement is observed throughout
heterogeneous formation types, which proves that NSGA-II can successfully search the space of the operational
parameters without violating physical constraints. Minor decreases of ROP of MSE-oriented solutions (8.5-9.0
m/h) represent the compromise between maximum penetration and energy efficiency.

4.3 MSE Reduction
The values of Mechanical Specific Energy (MSE) of optimized drilling parameters are shown in figure 3.
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Figure 3: Mechanical Specific Energy for Optimized Solutions

Minimum MSE is 45 kPa as compared to 53 kPa at the baseline. Reducing MSE corresponds to more
efficient energy transfer from bit to formation.The figure shows that NSGA-II has the ability of identifying
drilling parameters that lower the torque and vibration, and this lowers the mechanical stress by 15%. The
solutions of MSE slightly affect the ROP (8.5 m/h) but increase in the stability of the drilling. This affirms the
balance of the model to drilling goals in safer and sustainable operations.

4.4 Cost Optimization
All optimized solutions are presented in Figure 4 in terms of cost per meter

Cost per Meter for Optimized Solutions

Baseline Cost $125/m

Cost (S/m)

MSE-focused Cost-tocused ROP-tocused

Figure 4: Cost per Meter for Optimized solutions
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Minimal cost is realized to be $112/m compared to the baseline of 125/m. Figure 4 validates the fact
that the operational costs can be reduced by 10% still achieving reasonable values of ROP (9.1 m/h) and MSE
(50 kPa) in case of evolutionary optimization. The most economical solutions prefer moderate WOB (22 kN)
and RPM (110 rpm) which provide a balance in operation efficiency and equipment life. This emphasizes the
effectiveness of NSGA-II algorithm on a budgetary and operational planning without affecting performance.

V.  Conclusion

This study demonstrates that the NSGA-II evolutionary algorithm offers an effective model in the
maximization of the drilling operations when the various competing goals are considered. The algorithm
determines Pareto-optimal drilling parameters considering rate of penetration (ROP), mechanical specific energy
(MSE), and cost of operation, holistically to create an opportunity that balances performances, efficiency and
cost. The findings reveal that there was a significant enhancement in drilling performance as evidenced by the
fact that ROP was improved by up to 20 percent, MSE by about 15 percent, and the price per meter was also
lower by 10 percent than when it was in baseline. The ROP maximum solutions resulted in minor torque
improvement and were not out of the safe working range whereas the MSE-minimal ones improved the energy
conservation and minimal mechanical loads. The results made here confirm the ability of the evolutionary
algorithms to explore the relationships, which are very complex and nonlinear in nature, between the drill
parameters and the actual operational outcomes that can offer engineers with useful advice on decision-making
in real time.

Moreover, the Pareto front obtained in the course of the current study is a visual and quantitative tool to
select the most effective drilling strategies depending on the priorities of the operation with making a choice
between maximization penetration rates, minimization of energy losses, or cost reduction. The approach
elucidates the benefits of multi-objective optimization in contrast to traditional single-objective optimization or
heuristic approach, which tends to fail to capture trade-offs of competing drilling objectives. This framework
can help make the drilling operations more efficient, safe, and cost-effective by combining the NSGA-II and the
drilling performance modeling approach. Future efforts may take the methodology and expand it to include
other goals, like vibration reduction, equipment wear, or environmental impact, and use real-time adaptive
optimization to further improve the decision-making in dynamically varying downhole conditions.
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