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▪ Growing importance of offshore wind energy:
Expansion targets of 70 GW by 2045 require more efficient and safer 
offshore operations

▪ High costs due to unreliable sea state forecasts:
Inaccurate sea state forecasts lead to aborted transport missions, inflating 
overall maintenance expenses by 70% to 140%.[1]

▪ Reliable sea state forecasts are important for safer offshore operations:
Windfarm installation or disassembly, maintenance or any other offshore 
logistics operations.

▪ State of the art Numerical Models are computationally intensive
Deviations exist when validated against the measured data.

Motivation

VISION

Safe and economical 
offshore operations through 
accurate, resource-efficient 

sea state forecasts
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Limitations
▪ Dependence on Numerical Weather Prediction (NWP) models
▪ Limited to spatio-temporal resolution of NWP
▪ Limited robustness- Reliable only with the availability of   

measurement data from all sites. 
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Sea-state module

https://www.bsh.de/DE/DATEN/Klima-
und-Meer/Seegang/seegang_node.html

https://www.bsh.de/DE/DATEN/Klima-und-Meer/Seegang/seegang_node.html
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Why Machine Learning?

https://www.dwd.de/DE/wetter/thema_des_tages/2023/11/19.html#:~:text=Wettervorhersage%20darstellen,Alles%20in

https://www.ecmwf.int/en/about/media-centre/news/2025/ecmwfs-ai-forecasts-become-operational

https://www.metoffice.gov.uk/research/approach/collaboration/artificial-intelligence-for-numerical-weather-
prediction#:~:text=Since%20the%20start%20of%202022%2C,new%20paradigm%20in%20weather%20forecasting

https://www.ecmwf.int/en/about/what-we-
do/scalability#:~:text=Supercomputer%20energy%20consumption%20at%20ECMWF,run%20on%20the%20current%20architecture
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https://www.dwd.de/DE/wetter/thema_des_tages/2023/11/19.html#:~:text=Wettervorhersage%20darstellen,Alles%20in
https://www.ecmwf.int/en/about/media-centre/news/2025/ecmwfs-ai-forecasts-become-operational
https://www.metoffice.gov.uk/research/approach/collaboration/artificial-intelligence-for-numerical-weather-prediction#:~:text=Since%20the%20start%20of%202022%2C,new%20paradigm%20in%20weather%20forecasting
https://www.ecmwf.int/en/about/what-we-do/scalability#:~:text=Supercomputer%20energy%20consumption%20at%20ECMWF,run%20on%20the%20current%20architecture
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                     NWP

Train & Test

Here: AWPR (UK Met office)[2]

▪ Based on WAVEWATCH III (NOAA/NCEP)

▪ Hindcast data provided back to 1980

Temporal Input Spatio-temporal OutputNOWCAST → only at time t
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Train & Test

here: Seegangsmoritoringnetz (BSH)

Temporal InputFORECAST → t1,…,tn

LSTM
                   
                 

Forecast Output
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3- hour forecast

12- hour forecast

Model: Attention-based LSTM 

(sequence-to-sequence) 

Inputs: Multivariate time series, here: 

𝐗 = {𝐱𝑡−𝑛, … , 𝐱𝑡}, 𝐱𝐭 =

𝐻𝑠 𝑡

𝑇𝑝 𝑡

VPED 𝑡
VPED = peak wave direction

finalRAVE
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Preliminary results (Temporal model) 



11

Implications & Constraints

▪ LSTM-RF architecture - High temporal 
resolution & spatial accuracy 

But!

▪ Inconsistent in-situ data availability

▪ Limited scalability:
Multiple Temporal prediction models for each parameter  
and location.

▪ Error propagation & compounding of 
Errors

VISION

Safe and economical 
offshore operations 

through precise, resource-
efficient sea state forecasts
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Mapview German Bight, @LuFI
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▪ Graph-based Neural Network

Generated with Google Gemini
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Solution / Go-to 

Graph Representation

• Nodes: grid points / 
buoy locations

• Edges: Physical
proximity

[4]
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▪ Graph-based Neural Network

Generated with Google Gemini

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |       Future Scope of Work  

Solution / Go-to 

GNN Mechanism 
(Message Passing)
• Neighboring nodes 

exchange information
• Features are 

aggregated into a 
local context

• Each node update 
reflects both local 
and surrounding 
conditions
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▪ Graph-based Neural Network

Generated with Google Gemini

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |       Future Scope of Work  

Solution / Go-to 

Feature Update
• Each node updates

its state based on 
neighbor context

• Learns a spatially
informed
representation

• Enables consistent
predictions across
the domain
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Unified Spatio-Temporal Architecture
▪ GNN: captures spatial dependencies
▪ LSTM: captures temporal evolution

Integration of Physical Drivers
Bathymetry (Water Depth):
▪ Decreasing water depth nearshore induces white-capping and 

energy damping.
Wind Forcing (e.g. DWD-ICON):
▪ Primary driver of wave energy input and growth

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |       Future Scope of Work  

Methodology

GNN-LSTM Input Scheme, @LuFI
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Methodology | Resilient Data Integration

Model trained with input dropout
▪ explicitly learns to handle missing observations

Operational robustness under sensor outages
▪ reliable predictions even with partial station availability
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GB | Hm0, 12h Forecast, 2023

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |       Future Scope of Work  

Results | Overall Spatio-Temporal Performance

➢ High overall predictive skill 2023: R2 = 0.94

➢ Performance is limited in nearshore shallow waters 
due to shoaling and white capping.
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GB | Hm0, 12h Forecast, 2023

FN1
Available Stations: FN1, FN3, DBU, LTH, NOO, 

ELB(partial)

FN3

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |       Future Scope of Work  

Results | Temporal Performance

Critical Zone | O&M

Storm Frederico Storm Bettina
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FN1

Available Stations: FN1, DBU, LTH

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |     Future Scope of Work  

Results | Temporal Performance

Storm Zoltan

GB | Hm0, 12h Forecast, 2023
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The architecture (GNN-LSTM) is theoretically transferable.

However, learned representations are region-specific:
▪ retraining / fine-tuning required for new domains

Practical implication:
➢ short adaptation phase using local historical data

Transferability

Results
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▪ High predictive accuracy: 𝑅2 = 0.89–0.95 (2023)

▪ Robust to data gaps:
→ stable performance under partial sensor availability

▪ Computational efficiency:
→ significantly lower cost than NWP with comparable accuracy

▪ Scalable and transferable framework:
→ performance expected to improve with increased data availability

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary |       Future Scope of Work  

VISION

Safe and economical 
offshore operations 

through accurate and 
resource-efficient seastate

forecasting

Application relevance
Reliable prediction of moderate sea states (Hm0 < 4-5 m) relevant for offshore operations

➢ Potentially supports safe and efficient decision-making for marine operations

Summary
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➢ Increase spatial data coverage
▪ integrate additional measurement sites and data streams

➢ Improve extreme event prediction
▪ targeted training strategies (e.g., resampling / weighting of high sea states) 

➢ Incorporate spectral information
▪ leverage full wave spectra for enhanced physical representation

➢ Enhance coastal resolution in training data
▪ integrate high-resolution datasets (e.g., BAW TRILAWatt) to better resolve nearshore processes

FUTURE SCOPE OF WORK

Project Highlights     |     Results from OpenRave |    Results from finalRAVE |    Summary  |       Future Scope of Work  
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Thank You!
Questions?

Supreeth Hanumappa
Research associate
hanumappa@lufi.uni-hannover.de
https://www.lufi.uni-hannover.de/en/

Projects updates:

https://rave-offshore.de/de/finalrave-teilprojekt-lufi.html
https://www.lufi.uni-hannover.de/en/
mailto:hanumappa@lufi.uni-hannover.de
https://www.lufi.uni-hannover.de/en/
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