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ABSTRACT

	Aim: This study examines how intelligent drilling optimization systems (IDOS), driven by machine learning (ML) and automation technologies, can reduce nonproductive time (NPT) and enhance well delivery outcomes in the oil and gas industry. It aims to synthesize recent developments in artificial intelligence (AI)-based drilling systems, highlighting their operational benefits, performance improvements, and potential challenges.
Study Design: A comprehensive review of recent advancements in intelligent drilling optimization between 2020 and 2025, focusing on the integration of ML algorithms, automation frameworks, and real-time data analytics in upstream petroleum operations. The review emphasizes the practical impact of these technologies on NPT reduction, drilling efficiency, and sustainable well delivery.
Methodology: A systematic review was conducted, sourcing publications from Google Scholar, Scopus, ScienceDirect and IEEE Xplore. Studies were selected based on relevance to predictive analytics, automation in well control, and data-driven optimization. 
Results: Findings reveal that ML and automation technologies significantly improve drilling performance by enabling predictive maintenance, real-time anomaly detection, and autonomous control of drilling parameters. Algorithms such as artificial neural networks (ANNs), support vector machines (SVM), and reinforcement learning (RL), applied in predictive and real-time optimization, achieved 20–35% reductions in NPT. Integration of digital twins, IoT, edge computing, and cloud analytics improved simulation accuracy, minimized operational risks, and facilitated adaptive decision-making, supporting continuous optimization and enhanced well delivery.
Conclusions: Intelligent drilling systems remain limited by challenges such as data heterogeneity, lack of model standardization, and skill gaps in AI implementation. Future research should focus on hybrid modeling approaches that combine physics-based and ML-driven analytics, as well as developing unified frameworks for cross-field data integration to enhance scalability and interpretability.
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1. INTRODUCTION

The oil and gas industry has undergone immense digital transformation in recent years, particularly regarding drilling optimization. While exploration and production are moving toward more complex geological environments, operational efficiency with a reduction of nonproductive time has become a key concern for operators [1]. Conventionally, drilling operations were heavily reliant on human expertise and discretionary decisions. While these may have been effective in certain contexts, too often this led to delays, safety risks, and inefficiencies because of unpredictable subsurface conditions [2, 3]. Digitalization and advanced data analytics have enabled the integration of ML and automation into drilling operations, forming a new class of systems known as Intelligent Drilling Optimization Systems (IDOS) [4–6]. These utilize AI, big data, and automation to optimize drilling parameters, predict anomalies, and improve well delivery outcomes in real-time (See Figure 1).
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Figure 1: Data Processing for Drilling Optimization

Intelligent drilling optimization uses data-driven algorithms to analyze large volumes of structured and unstructured data from sensors, logging tools, mud systems, and downhole instruments [7, 8]. Machine learning models such as ANN, SVM, RF, and deep learning algorithms are then applied to analyze streams of these data with the aim of predicting drilling dysfunctions, estimating the rate of penetration, and providing optimum weight-on-bit and rotary speed parameters [9, 10]. These models are strong in their ability to learn from previous operations and their improvement with increased data gathering. The ability to self-learn and adapt automatically is a key factor that makes ML-based drilling systems more adaptable and effective than conventional methods relying on static empirical formulas or engineering heuristics.

Automation amplifies this capability by allowing intelligent systems to perform drilling adjustments autonomously. The automated systems utilize real-time monitoring tools through feedback control loops, making alterations to the drilling parameters in real time for optimal performance in wells with unforeseeable conditions [11, 12]. For instance, automated rigs fitted with robotics and advanced sensors can manage repetitive tasks that are hazardous to humans, reducing their exposure to hazardous environments and hence boosting their safety performance [13]. These systems also allow consistent execution of drilling and better operational predictability for cost reduction and higher well delivery rates.

Some of the most innovative development in recent years is the application of digital twins in drilling operations. The digital twin herein refers to a virtual replica of a physical drilling system that effectively simulates and mirrors real-time data (See Figure 2).
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Figure 2: Digital Twin Cycle for Drilling Systems

This technology enables engineers to anticipate problems, optimize drilling plans, and develop informed decisions based on accurate virtual models [13, 14]. Digital twins can simulate wellbore conditions and foresee potential failures before they actually happen, thus helping operators plan intervention in advance [15]. When combined with cloud computing and IoT technologies, digital twins improve collaboration among the remote drilling teams and onsite personnel, enabling better decision-making processes [16, 17].

In regard to the adoption of intelligent drilling systems, significant and measurable improvements in key performance indicators, such as NPT reduction, ROP enhancement, wellbore stability improvement, and drilling accuracy improvement, have been realized. Predictive maintenance applications have been one of the successful stories in preventing equipment failure and reducing downtime [18, 19]. Furthermore, ML algorithms using historical data learned from wells have been able to predict drilling hazards related to differential sticking, kick detection, and bit wear. The ability of these predictive analytics not only to smoothen operations but also to make environmental sense in reducing energy waste and optimizing resource utilization is a positive attribute [20 – 22].

Despite this remarkable progress, several issues still hamper the full unleashing of intelligent drilling optimization. Data quality and availability are among the major barriers to implementing IO. Drilling operations generate a large volume of heterogeneous data from different manufacturers, formats, and legacy systems, which makes data integration complicated [23, 24]. Poor data labeling and inconsistency can decrease the accuracy of ML models and hamper their reliability in real-world applications. Another major challenge is the deficiency of standardized frameworks and protocols for implementing intelligent systems across the wide spectrum of drilling environments. Different regions and operators use different workflows and technologies, which creates difficulty in developing universally applicable models [25].

While the field of automation has clear benefits, it also creates new problems, especially regarding the adaptation of the workforce and ethical concerns. Increased reliance on autonomous systems means less human overview, raising problems of accountability and trust in algorithmic decision-making. There is a gap in the skills workforce, with many professionals in the oil and gas sector lacking proper training in AI, data science, and automation technologies, thus limiting intelligent system adoption on a global level [26 – 28]. However, the growing application of intelligent drilling optimization systems is a reflection of the wider trend of digitization now sweeping across industrial sectors under the banner of Industry 4.0. Within oil and gas exploration, this transformation emphasizes the amalgamation of cyber-physical systems, IoT, and advanced analytics in driving towards operational excellence [23, 24, 19]. By integrating these technologies, drilling operations become increasingly autonomous, data-centric, and predictive rather than reactive. Machine learning algorithms can, for example, perform real-time pattern recognition, which pinpoints subtle changes in drilling parameters that could potentially indicate hazardous or inefficient situations. Likewise, IoT sensors at the rig floor, mud pumps, and downhole environments collect continuous streams of data that feed AI-driven models, adjusting parameters such as torque, pressure, and bit speed. This dynamic interplay between automation and data intelligence ensures decisions are both rapid and evidence-based to execute safer and more cost-effective well delivery [22].

More importantly, well drilling optimization contributes much to the sustainability and environmental responsibility of contemporary energy production. Drilling operations quite often provoke criticism concerning their environmental impact in terms of energy consumption, emission, and waste disposal. Data-driven optimization allows firms to save energy, decrease drilling waste, or increase the lifetime of drilling equipment by maintaining optimal operating conditions [23]. For instance, predictive maintenance systems can identify early signs of wear on drill bits or mud motors, thus allowing the reduction of catastrophic failures along with material waste [30]. Automation also decreases the necessity for repetitive manual operations, which means a reduction in human error and an increase in operational safety. In the long term, such improvements not only reduce operation costs but also contribute to global sustainability objectives such as net-zero emissions and resource efficiency. The synergy between ML, automation, and sustainability therefore reshapes the oil and gas landscape, moving it closer to a more intelligent and responsible future for drilling operations.

Although various works have been conducted on machine learning and automation for drilling optimization, a number of research gaps still exist. First, there is a need for standardized and interoperable frameworks that can integrate data from multiple drilling platforms for enhancing model generalization. Also, few studies have ever tried integrating physics-based models with data-driven approaches, though such combinations could improve predictive accuracy and interpretability. This study tends to address this gap as it will not only strengthen the scientific understanding of intelligent drilling systems but also accelerate their practical implementation for safer, more efficient, and more sustainable oil and gas operations.

2. METHODOLOGY

This study adopted a literature review approach to synthesize recent research on the application of intelligent drilling optimization systems using machine learning and automation to minimize nonproductive time and improve well delivery performance. The review process was based on a structured approach to identifying, assessing, and summarizing key studies that provided insights into the integration of AI, data analytics, and automated control systems in drilling operations. The search for literature was done based on reputable and scholarly databases, including Google Scholar, Scopus, IEEE Xplore, and ScienceDirect. These databases were chosen since they represent the most extensive coverage of engineering, energy, and computer science publications that address drilling technologies, automation, and AI applications.

Relevant articles published within the period of 2020-2025 were identified to mark the beginning of the literature search. A set of key search terms, including “intelligent drilling optimization,” “machine learning in well drilling,” “automation in oilfield operations,” “nonproductive time reduction,” and “real-time drilling data analytics,” was used to retrieve a total of 165 records from Google Scholar (n = 65), Scopus (n = 45), IEEE Xplore (n = 30), and ScienceDirect (n = 25). After removing duplicates, 115 unique records remained and underwent screening based on title and abstract. Out of these, 85 studies were excluded as they were either unrelated to drilling optimization or dealing with conventional, non-automated drilling techniques. Further, some articles were excluded based on being merely conceptual comments and reviews unsupported by any empirical evidence. Therefore, 30 full-text articles were assessed for eligibility, resulting in 11 studies selected for inclusion in the review. The selection of studies was based on their empirical or simulation-based orientation toward machine learning algorithms, predictive analytics, and automated drilling control systems aimed at improving drilling efficiency and reducing related operational downtime.

The studies were reviewed, considering credibility and recency. It included only peer-reviewed publications in the English language to maintain accuracy and reliability of the findings. Selected studies were analyzed concerning methodological aspects, models used for analyses, and the research findings. Most of the reviewed research employed data-driven modeling, optimization algorithms such as reinforcement learning and neural networks, and real-time data analytics for drilling performance prediction. The integration of automation technologies, including robotic control systems and sensor-based data acquisition, also often emerged as a necessary component for building intelligent drilling systems.

However, the review was not without its limitations. One major limitation was the exclusion of non-English publications, where valuable insights could have been omitted in regions that are rapidly advancing in oilfield automation. Another limitation is related to the diversity of methodological approaches among the selected studies, making some direct comparisons of results difficult to perform. Despite these constraints, this review gives a comprehensive synthesis of current knowledge and shows how machine learning and automation transform the process of drilling collectively into one that is more efficient, predictive, and less prone to errors.

3. RESULTS AND DISCUSSION

3.1 Reduction of Non‑Productive Time (NPT) through ML‑Driven Systems

This study shows that intelligent drilling optimization systems, integrating machine‑learning algorithms, real‑time data analytics, automation, and digital twin environments, have the potential to drastically reduce NPT (See Figure 3) in drilling operations. It has been shown that real‑time monitoring, when supplemented with predictive maintenance and anomaly detection frameworks, enables reductions in NPT of 20 % to 35% [16, 31 – 34], although these reductions may vary across different geological settings and operational conditions. These improvements are driven by three primary mechanisms: Firstly, ML models, including ANNs, SVMs, and reinforcement learning, enable early detection of anomalies like pump failures, drill‑string washouts, or unexpected torque events, thus leading to timely interventions before these events escalate into expensive downtime [9, 10, 43], with quantitative differences in performance observed among models. Secondly, the optimization of drilling parameters in real time, such as WOB, RPM, flow rates, and hydraulics, is improving ROP and reducing non‑productive events [35].
 
[image: C:\Users\Abdulahi\Downloads\This study shows that intelligent drilling optimization systems, integrating machine‑learning algorithms, real‑time data analytics, automation, and digital twin environments, have the potential to drastically re.png]

Figure 3: Reducing NPT in Intelligent Drilling Optimization

Also, integrated digital twins, edge computing, and IoT sensor networks ensure a coherent data ecosystem supporting rapid decision-making and adaptive response at the rig [17, 36, 37]. Altogether, these methods make it possible for drilling teams to operate more effectively, deliver wells more consistently, and achieve measurable reductions in non‑productive time, confirming the transformative potential of IDOS in modern upstream operations.

3.2 Improvement in Drilling Efficiency and Well Delivery Outcomes

Beyond reducing non-productive time, IDOS significantly improve drilling efficiency and well delivery metrics. Artificial neural networks (ANNs) capture complex nonlinear relationships in drilling data, support vector machines (SVMs) are effective for classification and regression with limited datasets, and reinforcement learning (RL) optimizes sequential decision-making in dynamic drilling conditions, enabling predictive adjustments to drilling parameters. The reviewed studies employed different optimization approaches: single-objective optimization to maximize ROP, multi-objective optimization to balance ROP and torque stability, and hybrid approaches integrating ML with physics-based models for real-time parameter tuning and drilling performance enhancement. Table 1 summarizes the ML algorithms applied, their key functions, optimization approaches, and representative performance outcomes reported in the reviewed studies.

Table 1: Summary of Machine Learning Algorithms, Their Functions, Optimization Approaches, and Key Outcomes in Drilling Operations

	ML Algorithm
	Key Function
	Optimization Approach
	Main Outcome
	Reference

	ANN
	Nonlinear pattern recognition
	Single-objective / Hybrid
	ROP improvement ~50%
	[31, 34]

	SVM
	Classification & regression
	Single-objective
	NPT reduction 20–30%
	[9, 10]

	RL
	Sequential decision optimization
	Multi-objective / Hybrid
	Adaptive drilling & anomaly reduction
	[34, 39]



ANN-based models for ROP prediction have shown predictive accuracy with coefficients of determination around 0.92–0.93, well above that of traditional empirical models [31, 38, 43], highlighting quantitative differences among ML approaches in optimizing drilling efficiency. Similarly, optimization studies using multilayer perceptron networks in conjunction with evolutionary algorithms have also reported ROP improvements exceeding 50% in field applications [34, 39]. In addition, machine-learning algorithms on drilling hydraulics, such as standpipe pressure and annular pressure loss predictions, assist in real-time decision-making and efficient adjustments of parameters, leading to reduced delays in operations and improvement in well performance [5, 9, 40]. These results confirm that IDOS are not limited to the reduction of wasted time but are effective in optimizing the productive phase of drilling, enabling faster, safer, and more consistent well delivery.

3.3 Role of Automation, Digital Twins and Edge Computing
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Figure 4: Enhancing Drilling Efficiency

Automation frameworks, digital twins, and edge or cloud computing are thus critical enablers of the improvements seen in drilling efficiency (See Figure 4) and NPT reduction. Digital twins allow operators to simulate drilling scenarios in real time, assess interactions between parameters, and predict potential problems before they happen [15, 31, 41]. Edge computing and IoT sensor networks provide immediate processing and communication of data to enable automation systems to make proactive adjustments in drilling parameters. Consequently, the combination of ML models with this integrated infrastructure assures that data-driven insights can be translated into actionable operations on the rig without delay [40]. The literature unequivocally points out that the synergy of these technologies, rather than the application of ML in isolation, produces the most significant performance gains, confirming that system architecture and real-time adaptability remain keys to maximizing the benefits of IDOS.

3.4 Challenges and Limitations

Despite promising results, a number of challenges persist in the deployment of IDOS. Data heterogeneity and quality remain major hurdles. Variations in rig configurations, sensor types, formation geology, and operation protocols generate fragmented datasets that might affect model performance and generalizability [7, 23, 42]. Model interpretability is another concern; the "black-box" nature of deep neural networks generally limits trust and adoption among drilling engineers [9, 28, 34]. Workforce skills and organizational readiness form other barriers: successful implementation requires training personnel in ML interpretation, automation interfaces, and data governance [26, 29]. In addition, scalability and transferability of ML models across different rigs, fields, or geological settings remain limited, while many successful case studies remain context-specific [4, 25]. Finally, pure data-driven models without integration of physics-based insights can be incomplete for such complex scenarios where wellbore mechanics, bit wear, and formation interactions dominate; hence, hybrid modeling approaches are necessary to integrate ML with physics-based analytics [15, 29].

3.5 Synthesis and Future Directions

Synthesis of the literature reviewed suggests that the IDOS involving ML, automation, and real-time data demonstrates consistently strong potentials for NPT reduction by approximately 20–35%, while improving ROP and holistic well delivery performance. Full potential benefits are realized when predictive monitoring, anomaly detection, and automated adjustment of parameters occur in concert rather than in isolation. Current bottlenecks not only relate to data infrastructure, model interpretability, interoperability across rigs and fields, and organizational readiness, but also reflect methodological limitations in the reviewed studies, including potential biases in data-driven models. Future development should also explore emerging technologies such as 5G integration, alongside hybrid modeling approaches, unified data frameworks, and workforce training, to address both operational and methodological challenges. Edge computing, IoT networks, and high-bandwidth communications will further enable autonomous and adaptive well delivery systems [17, 31, 34].
 
3.6 Implications for Well Delivery Performance

The operational impact of IDOS adoption is significant. Reduced NPT directly relates to faster drilling cycles, better rig utilization, and lower cost per foot drilled. Better predictive capabilities on downhole conditions enable drilling teams to proactively optimize parameters, reducing bit wear, enhancing ROP, and mitigating risks such as stuck pipe, kicks, or washouts. Digital twin frameworks allow scenario simulations and real-time optimization, offering more consistent benchmarking of well delivery performance. With exploration and production increasingly being done in deep water, ultra-deep, and unconventional wells, the agility and predictive capability availed by IDOS become critical elements for attaining operational efficiency and competitiveness. Overall, intelligent, automated drilling optimization offers a clear pathway to safer, faster, and more cost-effective well delivery in complex operational environments. 

4. CONCLUSION

This review shows that IDOS fuses machine learning, automation, real-time analytics, and digital twins into one powerful transformative capability for upstream petroleum operations. Evidence from recent studies indicates that IDOS is able to reduce non-productive time while improving drilling efficiency, rate of penetration, and key overall well delivery outcomes. The greatest benefits are achieved when predictive monitoring, real-time parameter optimization, and automation are applied in a synergistic manner. However, these advantages are constrained by several challenges, including data heterogeneity, model interpretability, workforce skill gaps, and limited scalability across different rigs or geological settings. To fully harness the potential of IDOS, future research and industry efforts need to be directed at hybrid physics-ML modelling, unified data frameworks, and organizational capacity building. In general, the deployment of intelligent drilling optimization affords a pathway to safer, faster, and more cost-efficient well delivery in an increasingly complex drilling environment.
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