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Overview
Since summer 2025, the InnoWind WP3 work has focused on improving how offshore wind farms detect technical issues and plan maintenance in a smarter and more efficient way. The central idea has been to connect two key capabilities: predicting when something might go wrong and deciding how to respond in the best possible way.
Traditionally, these steps are handled separately. In this project, they have been brought together into one system that can both detect early signs of failure and immediately translate those signals into practical maintenance plans. This integrated approach is essential for reducing downtime, lowering costs, and improving the overall performance of offshore wind farms.

A Complete System from Detection to Decision
A major outcome of the work is the successful development of a complete, end-to-end system. The system continuously analyzes turbine data, identifies potential problems before they occur, and automatically plans maintenance actions based on those risks.
Instead of simply issuing warnings, the system assigns a risk level to each turbine and uses this information to schedule maintenance in a way that accounts for real-world constraints such as vessel availability, crew capacity, and repair times. This ensures that decisions are not only technically sound but also operationally feasible.

Building a Strong and Reliable Foundation
An important part of the project was rebuilding the technical foundation. Due to missing source code from earlier work, the team had to reconstruct the system entirely from scratch. While this required significant effort, it resulted in a much stronger and more transparent solution.
The new system is fully understood, reproducible, and easier to develop further. This provides a solid base for future improvements and ensures that all results are reliable and well grounded.

Key Findings from AI-Based Fault Detection
Using real offshore wind turbine data, the researchers developed and trained advanced AI models that can detect early signs of failure. These models analyze patterns in turbine sensor data, such as vibration, temperature, and power output, to identify changes that typically occur before a fault.
The results show that the models can reliably distinguish between normal operating conditions and early-stage problems. In many cases, potential failures can be detected several days in advance, giving operators valuable time to act before a breakdown occurs.

· Early warning signs of turbine failures can be detected days in advance
· AI models reliably distinguish normal operation from pre-failure conditions
· Real-world SCADA data can be effectively used for predictive maintenance

Key Findings from Maintenance Scheduling
Detecting a problem is only part of the solution. The real benefit comes from how this information is used to plan maintenance. For this purpose, a “Smart Scheduler” was developed, which uses the predicted risks to organize maintenance activities in the most efficient way.
The results show that the scheduler consistently prioritizes turbines with the highest risk of failure. When resources are limited, only the most critical tasks are carried out, while lower-risk tasks are postponed. As more resources become available, the system becomes more flexible and can handle a larger number of tasks.
Another important finding is that different resources limit operations in different situations. When the number of available crew members is low, maintenance activity is restricted even if vessels are available. On the other hand, when crew availability is high, vessels become the limiting factor.

· Maintenance is prioritized based on clearly defined risk levels
· High-risk turbines are consistently repaired first
· Resource availability (crew and vessels) directly determines system performance
· The system adapts automatically to changing operational conditions

Realistic and Practical Planning
A key strength of the system is that it produces realistic maintenance plans. All schedules respect operational limits, such as the number of available vessels and crew members, and avoid unrealistic overuse of resources.
In addition, the system shows a clear and logical relationship between task urgency and scheduling. High-risk tasks are always handled earlier, while less urgent tasks are delayed when necessary. This confirms that the model behaves in a way that aligns with practical decision-making in real wind farm operations.

· Maintenance schedules remain within realistic operational limits
· Vessel and crew constraints are correctly enforced
· Task timing is directly linked to failure risk

Overall Impact for Offshore Wind Farms
The results demonstrate that combining AI-based prediction with intelligent scheduling provides clear operational benefits. By detecting problems early and planning maintenance more effectively, the system helps reduce downtime, improve resource use, and lower overall costs.
This approach also improves reliability and safety by ensuring that the most critical issues are addressed in time.

· Reduced downtime through early fault detection
· More efficient use of vessels and maintenance crews
· Improved cost efficiency and operational planning
· Better prioritization of critical risks

Indicators for the InnoWind Project
The WP3 work provides strong evidence of progress and impact within the InnoWind project:

✅ A fully integrated predictive and prescriptive maintenance system has been developed
✅ AI models for early fault detection have been successfully validated
✅ Maintenance scheduling is risk-based and resource-aware
✅ Operational constraints are realistically modeled and enforced
✅ The system adapts effectively to different real-world scenarios

Conclusion
The InnoWind WP3 research shows that a combined approach to predictive and prescriptive maintenance can significantly improve offshore wind farm operations. By linking early fault detection with smart decision-making, the system provides a practical and effective way to reduce losses and increase efficiency.
This work lays a strong foundation for smarter, data-driven wind farm management and clearly demonstrates the value of continued investment in the InnoWind project.
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TP3 Prediction Model Enhancement

Model Accuracy Recall F1-Score
Bas: 83.3% 49.9% 94.2% 65.2%
Data-Level Fusion 80.7% 52.5% 83.3% 64.4%
Architecture-Level Fusion 92.0% 71.3% 86.5% 78.2%
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TP3 Smart Scheduling System

We developed a prescriptive scheduling system that translates Al risk alerts into feasible, resource-aware maintenance plans. A greedy heuristic
scheduler was built and validated as the baseline. A full MILP optimizer is being implemented to find the globally optimal solution.

Metric Low Crew (1t Baseline (15) Crew (25)
Tasks Scheduled (of 2,933) 58 (2.0%) 89 (3.0%) 152 (5.2%)
Total Cost $110,960 $166,640 $275,920
Crew Utilization 93.6% (peak 100%) 97.1% (peak 100%) 98.3% (peak 100%)
Vessel Utilization 30.4% 54.1% 90.6%
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With low crew (10, crew is the bottleneck
(93.6% utilized) while vessels it idle (34.4%).

With high crew (25), the bottleneck shifts to
vessels (90.6%), enabling 2.6x more tasks.
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