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[ Abstract ] Case Study
This paper proposes a novel framework for data-driven reliability-centred Teesside Offshore Wind Farm is used as a case study for this research. It
evolutionary automated maintenance for offshore wind farms that includes comprises 27 2.3MW turbines and the data used for this study..
four stages: |) to achieve real-time reliability and availability of the wind Norn frecoras
farm, estimates of Remaining Useful Life (RUL) of components are —‘{Tem Biiton
embedded to a Semi-Markov Process (SMP) within HIP-HOPS, an : Sequences, etc.)

automated reliability estimation tool. IlI) using deep learning, a system is

then built through which possible maintenance procedures and its
requirements are recommended. Ill) a multi-objective optimization

algorithm uses estimates of reliability and possible maintenance actions to

generate and update an optimized maintenance plan for an offshore wind

farm. 1V) finally, in the context of reinforcement learning, the maintenance \
plan is judged by experts and is adjusted in subsequent iterations.
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Developing a repair action recommender and madelling alarm sequences

Praviding optimized and automated maintenance planning considering reliability factors
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Making the tool more realistic through reinforcement learning.

Il Evolutionary Optimization for Maintenance

Targeted Turbine Locations

a5

> How many teams are Turone,, Turbineyy ;:;:1;:;:;;:0
needed? ——

< What are the priorities? N For Team #1

< What kind of vessels

rming for Repair Action Prediction should be used? 25
wpr ‘ + Ete. :
= = > ConsideringConstraints 5| o o o o o % o o o
T T o
el T e such as shift times,
TR vessels limitations and
¥ efc. 15
o . 2z First Turbine First Turbine
& actions based on - b 7 toRepalr(il) — 0 oYY, o ——— toRepair (#8)

Alarm Sequences? For Team #2 For Teom #1
Turone, Tubineg
5
0 1

A 4\\6 7 a\ 9 10

i Inputs for
* The Markov model for alarm sequences can be also generated D) Team #2 Team K1

for each individual turbine. Optimization Black

IV Reinforcement Learning Procedure

| “System Rell r Experienced Operation and
HIP-HOPS TOOL Mainter
» Cost Analysis e . @reninsensieassasnrans <
» Criticality Analysis :
> Group Maintenance ) “ H
‘ > Availability Analysis
Automatic Reward H
FTA and FMEA N
Generation % %k ok #  State Tuning the Model
)
fosey
[ |
—
2 DREAM Outputs (Optimized
B Maintenance Plans)
Conclusions References
. . . . . 1. Stock-Williams, C., & Swamy, S. K. (2019). Automated daily maintenance planning
The paper has focused on the development of bio-inspired optimisation techniques that use fault for offshore wind farms. Renewable Energy, 133, 1393-1403.Journal Article, Name of
‘ 7 . . Journal
progn03|s.and alarm sequences to continually p.roduce and update an evolving o'pt|mal plan 9f L o ML M G019 Do s M o o
O&M. This plan explores the enormous design space of possible and optimal dynamic Maintenance for Offshore Wind Farms: A Review. Applied Sciences, 9(2), 278.

i i i i iati 1 i 3. Mian, Z., Bottaci, L., Papadopoulos, Y., & Mahmud, N. (2019). Model transformation
ma!ntgpance §chgdu|es, optionally takllng con_stram.ts. sggh as qulstlcs, respecting constram'ts, S D s e
optimising reliability and energy profiles whilst minimising maintenance costs and reducing and Software, 151, 258-282.
downtime. The framework also uses the idea of reinforcement learning to update the results and 2 5 Rebi Redsanesiat |/ 50iokos v Fapadonotlos andly Ghelalbla, 22 Coniceptunl

. i . Framework to Incorporate Complex Basic Events in HiP-HOPS,” pp. 109-124, 2019,
learn from an O&M manager and make the maintenance plans more realistic. The paper gives doi: 10.1007/978-3-030-32872-6_8.

o

. K. Aslansefat and Y. Papadopoulos, “DREAM: Data-driven Reliability-centred
Evolutionary Automated Maintenance for Offshore Wind Farms,” in Global Offshore
Wind, London, UK, 2019.

Acknowledgement: We would like to thank EDF Energy R&D UK Centre, AURA Innovation Centre and the University of Hull for sponsoring
the research project and EDF Renewables UK for providing access to the Teesside wind farm data.

an overview of the system with details of this system to be included in future papers.
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