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ICONIC Project partners
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48 months
01/12/2023
30/11/2027

31
deliverables

14 partners

6 milestones

6 work packages

3 reporting
periods

Budget: € 5,894,950.5 (= ¢ 3,897,447.50 + £1,677,517)




Key Ambition of ICONIC 1>
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Al-based, data-powered, physics-informed

Improve whole farm’s operation efficiency |

More stable, resilient, secure, reliable
Digital Twins . Hierarchical: farm-level & 'turbme 1evef 4 Validations

Open source
*  Control enhancement

*  Awareness
*  Hybrid: physics + data
* Open source




Main Objectives of ICONIC

® O1: Develop new wind farm control tools
to improve wind farm operations leveraging
Al innovations.

® O2: Investigate turbine control solutions
with load-reduction abilities to deliver farm-
wide objectives.

® O3: Develop digital twins and physical
tools for awareness and control
enhancement considering RUL assessment
of wind turbine key components.

and exploitation

> Wea-Digital twins
~of wind farms and wind turbines
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WP6 - Communication, dissemination

® O4: Validate and exploit the integrated P e e
control system and DTs via wind tunnel tests, o oo IGimprove control
historical operational data, dedicated test . 5 I — R
rigs, and field tests, and bring ICONIC" s key ' __m,‘eg;’é"eb

innovations to TRL5 G




Research Highlights #1

Control-Oriented Wind Farm Modelling via CFD and Machine learning

® CFD models - accurate but slow
® Analytical wake models - fast but inaccurate

(ﬁumerical Simulations of Wind Turbine Wakes
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Research Highlights #2

Al-Based Farm-Level Control and Decision-Making to Improve
Operating Efficiency of Wind Farms
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Deep reinforcement learning- [l K %
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ba Sed Intel Ilgent ContrOI I . The fundamental reinforcement learning (RL) structure Wind Farms i
I'1: « This RL structure provides the foundation for additional designs. * Multi-Agent: Each turbine is treated as an agent in RL. i!
| : i = Built upon the actor-critic structure, different layers employ & * Each agent has a local actor, a local distractor, and a central critic.: |
1i  develop new RL designs to meet different needs; * Automatic grouping strategy will be developed to dynamically :
! | * NN:neural network. divide the whole farm into different turbine groups. iy




Research Highlights #2

.
Offline RL-based wind farm control
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Y. Huang and X. Zhao, Wind Farm Conftrol via Offline Reinforcement Learning with Adversarial Training, IEEE
Transactions on Automation Science and Engineering, under revision, 2024.




Research Highlights #2

Offline RL-based wind farm control
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Research Highlights #3

Advanced Turbine-Level Control with Load-Reduction Abilities

® A novel stochastic MPC for pitch and torque control to
reduce conservativeness and enhance performance.

® A novel tube MPC method for yaw control to N kel Bl ol Rl
ensure strict safety requirements

‘ Extensions and enhancements ' Design guidance and validation
® Time-critical justification for MPC methods to achieve

complexity reduction and computational time boundedness
® Control performance enhancement with LIDAR

measurements i’ por— - - FORCES

WIND TRUBI
CONTROL




Research Highlights #4

Wind Farm Digital Twin via Physics-Informed Deep Learning
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Research Highlights #4

® Data (Lidar) + Physics (NS equations) + ML

® Reconstruct in situ spatiotemporal wind turbine wake flow fields

€y b U Ul VU Wil APy (Uytttyy it )/Re

\#’:{

€y VUV AV A WY Py - (Vi + vy )/Re

| .
I 1
I 1
I 1
Output1 :
Input I E I
1 >=
I 1
I 1
I 1
I 1
S T T T T N T T T ! :
| Physics-informed neural networks: fusing Lidar data and NS equations | I
: |
I 1
Ji,,, - ucos@ + v sind sing + w sinf cos¢ I — |
Line-of-sight wind speed along Lidar beam | —
I > 1
I 1
I 1
I 1
I 1
1

J. Zhang and X. Zhao, Reconstruction of dynamic wind turbine wake
flow fields from virtual Lidar measurements via physics-informed neural
networks, Journal of Physics: Conference Series 2767, 2024.




Research Highlights #5

Digital Twins and Lifetime/RUL Estimations of Critical Components

High-fidelity modelling of critical drivetrain components Model reduction Surrogate modelling Virtual WT replica
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Research Highlights #6

Current Status, Outlook, Impact & Ways for future 20MW Wind Turbines

OFFSHORE WIND TURBINES . @ @@
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‘Wmd turbine size forecast (inc. 20MW) from Innteresting. Layout and virtual location of CS3 wind farm.
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Research Highlights #7

Comprehensive Validations of Controls and Digital Twins

® Wind tunnel tests ® (Case study #1: C-power (offshore)
® Numerical Simulations — various fidelities ® (Case study #2: BP (onshore)
® Field tests ® (Case study #3: Virtual farm design (20MW)

‘B Rgdsand Il (real data)

CS1: C-Power (offshore)




e
‘

. “\comc

Thanks for your attention

Professor Xiaowei Zhao

Intelligent Control and Smart Energy Research Group
University of Warwick

Xiaowei.zhao@warwick.ac.uk

10 September 2024
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