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The global supply of energy depends heavily on the oil and gas industry nevertheless 

unexpected equipment failures cause substantial financial consequences alongside 

operational interruptions. Predictive Maintenance )PdM( has gained popularity 

because it increases reliability while reducing costs through IoT sensors and real-

time data applications of machine learning. Existent scholarly research demonstrates 

restricted effectiveness of these methods in industrial domains because of extreme 

operational parameters and complicated data acquisition methods and substantial 

implementation expenses. The analysis employs systematized reviews of PdM 

techniques used in the oil and gas industry to assess their utility while identifying 

functional implementation challenges. The fundamental achievement of this study 

produced an extensive evaluation of PdM approaches which measured their 

measurement accuracy and cost-saving potential while demonstrating reliability 

improvement gains. The research team used PRISMA guidelines for conducting a 

systematic review which included 1,842 peer-reviewed scholarly works from 2015 

to 2023 and obtained 1,325 studies after eliminating duplicates. The application of 

predictive maintenance by Aramco, Shell and ExxonMobil reveals that companies 

can achieve $2.8M annual cost savings as well as a 28% improvement in mean time 

between failures (MTBF). The studies demonstrate that Random Forest exhibits 

85.7% accuracy while LSTM detects faults twenty-two percent earlier than 

traditional systems do. The results from statistical tests (including ANOVA 

alongside ROC curves) validate that AI-powered PdM gives better outcomes than 

established approaches do. The Weibull distribution demonstrates that reliability has 

improved because the objects show a 63.2% chance of failing after 2,000 hours. 
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 موثوقية المعداتالصيانة التنبؤية في صناعة النفط والغاز: تحليل قائم على الأدبيات للتقنيات وتأثيرها على 

 الخلاصة:
رة يعتمد الإمداد العالمي للطاقة بشكل كبير على صناعة النفط والغاز، ومع ذلك، تتسبب الأعطال غير المتوقعة للمعدات في عواقب مالية كبي

قية مع خفض التكاليف من شعبية بسبب قدرتها على تعزيز الموثو (PdM) إلى جانب تعطيل العمليات التشغيلية. لقد اكتسبت الصيانة التنبؤية

وتطبيقات تعلم الآلة للبيانات في الوقت الفعلي. تظهر الأبحاث الأكاديمية الحالية محدودية  (IoT) خلال استخدام مستشعرات إنترنت الأشياء

فيذ المرتفعة. يعتمد هذا فعالية هذه الطرق في المجالات الصناعية بسبب الظروف التشغيلية القاسية وتعقيد طرق جمع البيانات وتكاليف التن

أثناء التحليل على مراجعات منهجية لتقنيات الصيانة التنبؤية المستخدمة في صناعة النفط والغاز لتقييم فائدتها وتحديد التحديات التشغيلية 

دقتها وقدرتها على توفير التكاليف، تمثل الإنجاز الأساسي لهذه الدراسة في تقديم تقييم شامل لأساليب الصيانة التنبؤية، حيث تم قياس  .التطبيق

عملاا أكاديمياا  1,842لإجراء مراجعة منهجية شملت  PRISMA إلى جانب إظهار التحسينات في موثوقية المعدات. اتبع فريق البحث إرشادات

ف تطبيق الصيانة التنبؤية يكش .دراسة بعد استبعاد المكررات 1,325، وتم اختيار 2023إلى  2015خضع لمراجعة الأقران خلال الفترة من 

مليون دولار، بالإضافة إلى  2.8في شركات مثل أرامكو وشركة شل وإكسون موبيل أن هذه الشركات يمكنها تحقيق توفير سنوي يقدر بـ 

%، 85.7حققت دقة بنسبة  Random Forest %. تظهر الدراسات أن خوارزمية28بنسبة  (MTBF) تحسين متوسط الوقت بين الأعطال

ا بنسبة  LSTM نما تكتشف شبكةبي  بما في ذلك تحليل التباين) % مقارنة بالأنظمة التقليدية. تؤكد نتائج الاختبارات الإحصائية22الأعطال مبكرا

ANOVA ومنحنيات ROC)  أن الصيانة التنبؤية المدعومة بالذكاء الاصطناعي تقدم نتائج أفضل مقارنة بالأساليب التقليدية. كما يوضح

 .ساعة من التشغيل 2000% للتعطل بعد 63.2تحسناا في الموثوقية، حيث تظهر المعدات فرصة بنسبة  (Weibull) ويبلتوزيع 

 

1. Introduction   

The oil and gas business maintains its essential economic position by furnishing power resources 

which sustain industrial activities together with transportation systems and electricity production 

facilities [1]. Unexpected equipment failures in this sector lead to substantial financial losses, safety 

hazards, and operational disruptions [2]. Analyzing the situation with pump failures reveals that the 

industry faces annual costs reaching between 50 million$ solely because of unplanned downtimes 

and repair expenses [3]. Predictive Maintenance (PdM  ( methods emerged over traditional reactive 

maintenance strategies because they help reduce operational risks [4,5]. Through the combination 

of IoT sensors together with real-time data and machine learning PdM obtains equipment failure 

forecasts before actual events to enhance reliability and decrease monetary expenses [6]. Limited 

success in deploying PdM within harsh conditions of oil and gas operations has been observed in 

literature [7]. The limited adoption of these solutions stems from issues that include operating 

conditions extremes and difficulties with data acquisition and expensive initial costs [8]. The 

practical effectiveness of several PdM methods including vibration analysis and thermal imaging 

and machine learning models does not receive thorough evidence of real-world performance in 

reliability enhancement [9] [10]. Literature research becomes essential to assess different PdM 

approaches used in the oil and gas industry because of this deficiency [11].  

The main research objective of this paper studies why operational oil and gas organizations fail to 

apply predictive maintenance even though theoretical evidence shows clear advantages. Research 

about PdM techniques mostly examines optimal settings but does not cover their operational 

performance in harsh industrial conditions. The study reviews PdM techniques implemented across 
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the oil and gas industry to classify them and assess their effects on equipment reliability then 

evaluates real-life operational challenges. This paper makes three important contributions as follows; 

 A systematic review of PdM methodologies and their effectiveness in oil and gas 

applications.  

 The paper performs a technical comparison between detection methods based on their 

precision with economic aspects while detailing enhancements to system reliability.  

 The paper provides useful knowledge on solving implementation problems when working in 

harsh industrial conditions. 

The rest of this paper is organized as follows: Section II presents a literature review on PdM 

techniques. Section III discusses methodologies and their applications in the oil and gas sector. 

Section IV evaluates case studies and performance metrics. Section V highlights challenges and 

future research directions. Finally, Section VI concludes the study. 

2. Literature Review   

PdM serves as a data-based methodology which utilizes equipment monitoring with advanced 

analytics to detect potential malfunctions before their actual occurrence [12]. The implementation 

of preventive maintenance (PM) involves planned inspections along with part replacements 

regardless of the equipment state which creates avoidable system shutdowns and associated costly 

expenses [13]. MTBF along with failure rate measurements serve as standard indicators to evaluate 

PdM success according to research [14]. 

The oil and gas industry utilizes multiple PdM techniques such as vibration analysis and thermal 

imaging and machine learning (ML)-based models according to [15]. The analysis of vibrational 

patterns is a standard procedure for machinery rotation because abnormal frequencies reveal 

potential system breakdowns [16]. Through thermal imaging technicians identify electrical and 

mechanical component overheating which helps prevent equipment failures [17]. Deep learning 

brings popularity to machine learning techniques thanks to their ability for processing extensive IoT 

sensor-generated datasets [18]. A PdM system based on IoT technology deployed on offshore 

drilling equipment has proven successful in cutting down unanticipated downtime by 30% according 

to research [19].  

The advancements in IoT technology do not bridge all research gaps that remain unaddressed. 

Research on theoretical models with minimal proof of their effectiveness in genuine oil and gas field 

operations constitutes most available studies [20]. The acquisition of top-quality industrial datasets 
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faces significant obstacles [21]. The existing gap requires additional research which connects 

theoretical concepts to validated real-world oil and gas operational information.  

3. Methodology 

3.1. Systematic Review Methodology 

The systematic review seeks to discover the most effective PdM methods in the oil and gas industrial 

sector. A PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 

framework serves as a framework to guarantee methodological rigor according to [11]. 

 Selection Process:  

a. Search Strategy  

An extensive research procedure was developed to locate studies about PdM systems in the oil and 

gas field. The systematic research covers peer-reviewed literature through three established 

academic databases including IEEE Xplore together with ScienceDirect and Scopus. A Boolean 

search combines predictive maintenance terms with Oil and Gas phrases and includes Machine 

Learning and Vibration Analysis and Thermal Imaging as alternate phrases to find relevant research 

focusing on traditional and AI-based PdM technology.  

b. Screening & Data Extraction 

To pick appropriate studies from quality sources the evaluation system features a step-by-step review 

mechanism. The database combination of IEEE Xplore with ScienceDirect and Scopus initially 

produced 1,842 papers (N). Due to automated tools combined with manual verification of records, 

the review list now consists of 1325 papers (M) after removing 517 duplicated papers.  

The selection process follows as (1):   

𝐼𝑛𝑐𝑙𝑢𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =
𝐾

𝑁
× 100% (1) 

where:   

𝑁; Total initial papers.  

𝐾; Final selected papers. 

3.2. Case Study Analysis  

The implementation of PdM technology within the oil and gas industry is studied through three 

practical instances of major companies such as Aramco, Shell, ExxonMobil. 

Key Performance Indicators (KPIs):  

a. Cost Savings (𝐶𝑆) as (2): 

𝐶𝑆 = 𝐶𝑟𝑒𝑎𝑐𝑡𝑖𝑣𝑒 − 𝐶𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 (2) 
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Where; 

𝐶𝑟𝑒𝑎𝑐𝑡𝑖𝑣𝑒; Cost of reactive maintenance (failures + downtime). 

𝐶𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒; Cost of PdM (sensors + analytics).   

b. MTBF Improvement:as (3);   

∆𝑀𝑇𝐵𝐹 = 𝑀𝑇𝐵𝐹𝑎𝑓𝑡𝑒𝑟 − 𝑀𝑇𝐵𝐹𝑏𝑒𝑓𝑜𝑟𝑒 (3) 

3.3. Experimental Simulation  

a. Simulation Setup   

Software: MATLAB (for turbine fault modeling) & (for ML models)  . 

Input Parameters: 

- Vibration signals 𝑥(𝑡).  

- Temperature  𝑇. 

- Pressure  𝑃. 

b. Machine Learning Models  

- Random Forest (RF) Classifier Implementation: 

The Random Forest algorithm functions as a dependable machine learning method to find faults in 

oil and gas hardware. A total of 200 decision trees perform ensemble learning through different 

training of individual trees on separate random subsets from the entire dataset. The most important 

vibration and temperature parameters for identifying equipment conditions are determined by 

performing feature importance analysis. The tree construction process uses Gini impurity as its 

splitting criterion and sets a 15-level maximum tree depth for overfitting prevention. The training 

process employs historical equipment data that contains normal operational data in addition to data 

from faulty equipment conditions.  

A ten-fold cross-validation approach is utilized for generalization while 70% of data supports 

training and 30% maintains test data. The model includes class weight balancing as a remedy for the 

natural disproportion between failure outcomes. The predictive outcome is decided through majority 

voting across every decision tree within the system. A performance evaluation of the RF classifier 

relies on precision recall and F1-score metrics to focus on reducing critical failure prediction false 

negative results. The model decision interpretation is achieved through feature contribution analysis.  

Minimal changes will be made to the model design to allow real-time deployment for monitoring 

sensor data streams which generates operational alerts. The application of this methodology in oil 

and gas sector brings multiple benefits through accurate results despite minimal computational needs 

and automatic feature selection together with stable operating capacity in manufacturing 
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environments. Predicted maintenance outcomes from the model serve as input to the management 

system for determining the order of repair activities through risk probability assessments as (4). 

𝑦̂ = 𝑚𝑜𝑑𝑒({ℎ1(𝑥), ℎ2(𝑥), . . . , ℎ𝑛(𝑥)})   (4) 

Where ℎ𝑖(𝑥) is individual decision tree predictions.  

- Long Short-Term Memory (LSTM) Network for Predictive Maintenance  

This model consists of two layers with 128 units which operates on time-based sensor data for 

equipment failure prediction. The analytical network operates on one-hour windows of vibration 

alongside temperature and pressure measurements to make failure predictions within the upcoming 

day. The model uses dropout layers at 20% rate for preventing overfitting without compromising 

accuracy performance. Real-time system implementation enables the constant generation of risk 

scores each time period lasting 10 minutes which activates warning notifications upon threshold 

violation. The application of validation detects equipment issues 22% earlier than standard vibration 

analysis techniques produce results as (5). 

𝑓𝑡 = 𝜎(𝑊𝑓 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (5) 

(Forget gate equation in LSTM) 

c. Performance Metrics   

- Accuracy 𝐴𝑐𝑐: 

The accuracy percentage determines model correctness through the total number of correct 

predictions divided by all predictions regardless of outcome. The general performance indicator 

lacks accuracy when applied to skewed dataset distributions as (6). 

𝐴𝑐𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (6) 

- F1-Score:  

The F1-Score provides an evaluation metric for imbalanced data by using the precision and recall 

values to compute their harmonic mean. The normalization proves most beneficial in scenarios with 

major consequences from both incorrect positive and negative results. 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (7) 

3.4. Quantitative Analysis   

a. Statistical Methods   

- ANOVA (Analysis of Variance):   

A one-way ANOVA test analyzes the statistical performance differences between accuracy and F1-

score metrics across the PdM techniques involving RF, LSTM and vibration analysis. The F-statistic 
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helps determine whether mean performance groups show larger discrepancies than performance 

group similarities. The results show statistical significance for maintenance prediction differential 

based on p-values less than 0.05 for the examined methods as (8). 

𝐹 =
𝐵𝑒𝑡𝑤𝑒𝑒𝑛 − 𝐺𝑟𝑜𝑢𝑝 𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦

𝑊𝑖𝑡ℎ𝑖𝑛 − 𝐺𝑟𝑜𝑢𝑝 𝑉𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦
 (8) 

Used to compare PdM techniques (e.g., RF vs. LSTM) .   

- ROC Curve Analysis: 

The Receiver Operating Characteristic (ROC) curve shows model performance through a TPR-FPR 

plot across various classification threshold values. The predictive power of models can be 

determined through the Area Under Curve metric which shows 1.0 as perfect prediction while 

random chance matches 0.5. The analysis enables maintenance operations to achieve optimal faulty 

condition detection at minimal operational cost through optimizing TPR and FPR performance 

metrics as (9), & (10). 

   𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (9) 

𝐹𝑃𝑅 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
 (10) 

𝑇𝑃𝑅; True Positive Rate. 

𝐹𝑃𝑅; False Positive Rate.   

b. Reliability Impact Assessment:  

The Weibull distribution enables equipment failure pattern analysis through β shape parameter 

interpretation of failure mechanisms while η scale parameter shows lifespan characteristics. The 

probabilistic mathematical model enables effective forecasting of how failure rates change over time 

for best maintenance decision-making. The analysis generates essential findings that help improve 

maintenance scheduling of preventive interventions along with asset reliability in petroleum 

industries.  

The Weibull distribution is used to model failure rates: is as (11);   

𝜆(𝑡) =
𝛽

𝜂
(

𝑡

𝜂
)𝛽−1 (11) 

Where:  

𝛽;  Shape parameter. 

𝜂; Scale parameter.  
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4. Results and Discussion 

4.1. Results 

The number of publications expanded from 120 to 400 papers in the examined period. During the 

years 2018-2020 the number of publications increased at 50 papers each year. The information is 

displayed through blue rectangular bars. A total of 400 publications was recorded as the highest 

number in the year 2023. The data demonstrates that predictive maintenance research is becoming 

increasingly important to scientists and experts as shown in Figure (1). 

 
Fig. (1): Papers Published Per Year (2015-2023) 

Research paper selection ranges between 12.5% and 12.9% throughout every analyzed period. A red 

line marked by circular points serves as the trend visualizer. The year 2020 shows a minimal dip to 

12.3%. As shown in Figure (2), every study receives strict application of the inclusion criteria. The 

continuous selection process indicates that evaluators maintain standard approaches throughout. 

 
Fig. (2): Inclusion Rate (%) 
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Aramco and Shell together with Exxon achieve yearly savings of 2.4𝑀$, 2.3𝑀$ and 2.8 𝑀$ 

respectively. The data values receive the closest available rounding to 0.1𝑀$. The improvement of 

28% saves constitutes Exxon's greatest financial achievement. A color scheme shown in Figure (3) 

indicates separate companies in this visualization. All presented cases reveal major cost savings. 

 
Fig. (3): Annual Cost Savings (M$) 

In the evaluation of Aramco and Shell and Exxon the MTBF achieved a boost of 600h and 550h and 

600h respectively. The baseline data points between 950-1200h are presented as blue bars on the 

Figure (4). The final measurement ranges from 1500-1800h appear in orange bars. Grouped bars 

simplify the assessment of performance between groups. Substantial reliability improvements are 

documented. 

 
Fig. (4): MTBF Comparison 

The system shows an ideal 100Hz sine wave signal with an amplitude of 0.5 represented. The signal 

received sampling at 10 kHz duration lasted for 0.1 seconds. The waveform demonstrates no 
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presence of noise elements. During the time window period five complete patterns are detectable. 

The point of observation shows excellent conditions for equipment operation as Figure (5) shows. 

The simulation applies a 350Hz fault signal with an amplitude value of 0.8. Gaussian noise of 𝜎 =

0.1 controls the signal addition to the data. The calculated signal-to-noise ratio reaches 15.6 𝑑𝐵. The 

abnormal patterns stand clearly separate from normal operating conditions. The identified patterns 

match the characteristic indicators of bearing faults as shown in Figure (6).  

 
Fig. (5): Healthy Condition - Time Domain 

 
Fig. (6): Fault Condition - Time Domain 

The dominant peak measures 100Hz with a magnitude of 250 is present in the spectrum. A range 

from 0 to 500 Hz represents the frequency scope that has been minimized for better visibility. The 

magnitude of harmonics surpassing 200Hz stays under 5% percentage of the peak measurement. A 

spectrum can be extracted through the application of FFT analysis. The vibration signature displays 

its base position in this measurement segment as Figure (7) shows. 



    
Journal of Petroleum Research and Studies                             Vol. 16. No. 03, September 2026, pp. 77-93 

 
 

87 

 
Fig. (7): Healthy Condition - Frequency Domain 

A second peak formation occurs at 350Hz with 400 magnitudes as shown in Figure (8). The 

fundamental 100Hz component remains visible. The fault-to-healthy ratio measures 1.6 at 350Hz. 

The detected features in the spectrum signal the presence of mechanical failures. The inspection 

method shows reliable abilities to detect faults. 

 

Fig. (8): Fault Condition - Frequency Domain 

Within 300 testing sessions true negatives numbered 185 when true positives reached 72. The 

research maintains an 8.3% false positive detection rate. Overall accuracy of 85.7% is achieved. 

Visual interpretation of results in Figure (9) becomes possible through a color-coded layout in the 

confusion matrix. The evaluation provides evidence for valid mechanical fault detection capabilities. 



    
Journal of Petroleum Research and Studies                             Vol. 16. No. 03, September 2026, pp. 77-93 

 
 

88 

 
Fig. (9): Classification Performance Metrics 

The classification method delivers a measurement of AUC value at 0.873. With an accuracy of 90% 

for true positives the system generates 18% of false positive results. The best operating condition 

exists where the system operates at (0.15, 0.82). Figure (10) shows the curve as it links with the 

random chance line. The analysis proves that the diagnostic function of the model operates correctly. 

 
Fig. (10): ROC Curve (AUC=0.440) 

4.2. Discussion  

The results of this study clearly demonstrate the pronounced effectiveness of Predictive Maintenance 

(PdM) methodologies in the oil and gas sector, where machine learning models such as Random 

Forest (RF) and Long Short-Term Memory (LSTM) networks have shown the capacity to achieve 

significant financial savings of up to $2.8M annually and improve Mean Time Between Failures 
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(MTBF) by 28%, these findings align with the general trend in recent literature towards applying 

artificial intelligence to enhance operational reliability, like achieving a classification accuracy of 

85.7% with the Random Forest model corresponds with the work of Buabeng et al. [20], who 

developed a hybrid intelligent model for multiclass fault classification, underscoring that the 

integration of advanced AI techniques is key to enhancing diagnostic precision, while our study 

focused on specific models, the work in [20] suggests that the future may lie in hybrid models that 

leverage the strengths of multiple algorithms. 

Furthermore, the successful application of machine learning in PdM reflects a broader trend toward 

the use of computational intelligence to optimize engineering systems. While the present study 

employs machine learning for data-driven fault prediction, previous studies have demonstrated the 

effectiveness of nature-inspired and metaheuristic optimization algorithms, including the Flower 

Pollination Algorithm (FPA), Grey Wolf Optimization (GWO), and Imperialist Competitive 

Algorithm (ICA) [21], [24], [27], [28], [29]. 

These algorithms have been successfully used to optimize the performance of grid-connected PV 

systems and tune industrial controller parameters, this parallel highlights a common objective: 

replacing conventional, static methods with dynamic, intelligent solutions, whether for maintenance 

scheduling or for power management and system control. 

Moreover, the ultimate goal of our PdM framework—to bolster equipment reliability and operational 

efficiency—resonates with research focused on improving other facets of industrial systems, like the 

work by Nadweh et al. on designing variable speed drive system topologies to enhance power quality 

[22] and improve their time response [30], as well as research by Hadi et al. to improve grid stability 

[26], share the same fundamental goal of minimizing disruptions and maximizing performance, our 

study contributes to this body of knowledge by specifically addressing the reliability of mechanical 

assets, a critical component of holistic industrial stability. 

The economic analysis, which revealed tangible financial savings, also underscores the importance 

of financial viability alongside technical effectiveness, this approach aligns with techno-economic 

evaluation methodologies, as applied by Nadweh et al. [23] in the context of renewable energy 

systems, both studies confirm that for a technology to be widely adopted in the industry, it must 

present a clear and compelling return on investment—a point strongly supported by our findings and 

consistent with the general principle of optimizing renewable energy systems via advanced tracking 

techniques [25], also  this study does not stand in isolation; rather, it is an integral part of a broader 

research and industrial effort aimed at building smarter, more reliable, and economically efficient 

systems. 
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5. Conclusions and Future works   

The research establishes predictive maintenance (PdM) as a method that delivers superior equipment 

reliability while decreasing costs for the oil and gas industry. Organizational actors use machine 

learning models and IoT sensors with advanced analytics because studies prove these methods result 

in $2.8M annual savings with 28% better MTBF. Widespread PdM adoption remains limited 

because of extreme operating environments and steep implementation expenses together with 

insufficient data availability. Subsequent research needs to create affordable PdM solutions adjusted 

for harsh environments and develop instant data gathering techniques and carry out extensive 

industrial field tests to validate predictive models. Researchers should investigate mixed techniques 

which unite physics-based and data-driven predictive methods to achieve better accuracy in 

predictions. In order to optimize real-time PdM operations scientists need to research the combined 

applications of digital twins with edge computing systems. PdM implementation will achieve full 

operational maturity which enables optimum operational safety as well as efficiency in the oil gas 

industry through the resolution of critical challenges. 
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