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ABSTRACT 

 

The accelerating global transition toward renewable energy necessitates highly efficient operation and maintenance 

(O&M) strategies for wind turbines and solar photovoltaic (PV) arrays. Historically, O&M accounted for up to 30% 

of the Levelized Cost of Energy (LCOE) for offshore wind farms, with traditional reactive and preventive 

maintenance often resulting in excessive downtime and premature component replacement. This study analyzes 

predictive maintenance (PdM) powered by early Deep Learning architectures—specifically Long Short-Term 

Memory (LSTM) networks—using SCADA and early IoT sensor data collected from 2015 through early 2018. 
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INTRODUCTION 

 

As of Q1 2018, the operational landscape of renewable energy reached a critical inflection point. Global cumulative wind 

capacity hit approximately 539 GW by the end of 2017, driving an urgent need for optimized asset management. 

Furthermore, the cost of industrial-grade MEMS accelerometers and IoT gateways dropped by nearly 30% between 2015 

and early 2018, catalyzing the mass deployment of high-frequency sensors across multi-megawatt turbines and utility-scale 

solar parks. ML-driven PdM strategies implemented during this period reduced overall maintenance costs by 22% and cut 

unscheduled downtime by 38% across studied assets. Continuous, high-frequency IoT telemetry (such as 50 kHz vibration 

sampling) proved vital for detecting sub-surface anomalies like White Etching Cracks. 

 

2. Methodology & Deep Learning Architecture 

 

The research utilized a 36-month dataset from 150 wind turbines and two utility-scale solar parks, concluding in March 

2018. To overcome the limitations of traditional Support Vector Machines (SVM), which struggled to capture non-linear, 

sequential degradation, a specialized deep learning approach was implemented. 

 

 An Edge-to-Cloud architecture was deployed to manage data volumes exceeding 2 Terabytes daily, utilizing Fast 

Fourier Transform (FFT) at the edge to reduce transmission latency by 40%. 

 

 Extreme class imbalances—where healthy states constituted 99.9% of data—were resolved using the Synthetic 

Minority Over-sampling Technique (SMOTE). 

 

 A stacked LSTM network (128, 64, and 32 computational units) effectively mitigated the vanishing gradient problem. 



 
 

 International Journal of Enhanced Research in Science, Technology & Engineering 

ISSN: 2319-7463, Vol. 9 Issue 1, January-2020, Impact Factor: 6.754 

Page | 28 

3. Data & Performance Metrics 

 

Table 1: Sensor Data Feature Description (2015-2018 Dataset) 

 

Sensor Type Asset Primary Use in ML 

Vibration (Tri-axial) Wind Turbine Gearbox 
Detecting bearing wear / 

misalignment via FFT 

Thermocouple Inverter Subsystem 
Overheating prediction, cooling fan 

failure 

Acoustic Emission Wind Turbine Blades 
Micro-crack detection in carbon 

composites 

 

Table 2: Predictive Model Performance Metrics (Cross-Validated to March 2018) 

 

Model Accuracy (%) Precision Recall F1-Score 

Support Vector 

Machine 
82.4 0.79 0.81 0.80 

Random Forest 89.7 0.88 0.89 0.88 

Deep LSTM 94.2 0.93 0.95 0.94 

 

4. Findings & Graphical Analysis 

 

 
 

Figure 1: ROC Curve demonstrating the True Positive vs False Positive prediction rates (Data up to March 2018). 

 

 
 

Figure 2: Year-over-year reduction in unscheduled downtime correlating with the evolution of O&M strategies. 
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5. Case Study: The North Sea Alpha Project 

The centralized LSTM model significantly outperformed standard Random Forest and SVM ensembles. The real-world 

viability of this system was proven during an intervention at the North Sea Alpha Offshore Wind Farm in late 2017. 

 

The LSTM model detected a subtle 1.5% amplitude increase in a 3.2 kHz frequency band, combined with a 0.4°C localized 

temperature drift on an 8 MW turbine bearing. Operating entirely below the OEM's static SCADA alarm thresholds, the 

model predicted an 88% probability of imminent seizure. Operators proactively derated the turbine by 40% and executed a 

localized $45,000 repair, preventing an $850,000 catastrophic drivetrain failure. 

 

LIMITATIONS 

 

Despite these breakthroughs, scaling predictive maintenance in early 2018 faces hurdles. The reluctance of competing 

energy companies to share proprietary SCADA data has created severe "data silos." Additionally, "Data Drift" remains a 

persistent challenge as aging mechanical components shift their baseline thermal and vibration signatures. 
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