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Motivation

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

VISION

= High costs due to unreliable sea state forecasts: _
Inaccurate sea state forecasts lead to aborted transport missions, inflating - Eafe and ec‘?“om'hca' .
overall maintenance expenses by 70% to 140%.[1] offshore operations throug

accurate, resource-efficient
sea state forecasts

= 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.
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Sea-state module

Scaled connections | 2022-01-21 00:00

Scale Matrix | 2022-01-21 00:00

Adjusted seastate | 2022-01-21 00:00
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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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Angepasste Seegangsvorhersage in der Deutschen Bucht

Im Rahmen des Forschungsprojekts # OpenRAVE (FKZ: 03EE3009C) wurde ein Tool entwickelt,
welches die Vorteile der flachigen Verfugbarkeit der numerischen Modelle ( #  SVS des DWD)
mit den in-situ Seegangsmessungen des B5H kombiniert. Die vom DWD berechneten
Vorhersagen werden basierend auf den verfiigbaren Messdaten angepasst

Fiir die Deutsche Bucht stellen wir angepasste Ubersichtskarten fiir den Seegang fur die

Deursche Bucht halbstiindlich zur Verflgung,

Quelle: LuFi Mehr zur Toolbox und zum Code finden Sie unter # Github.
# Download png
# Download mat

# Download csv

2025-01-09 11:15 (UTC)

, oy Mestied / Forecasted Wave Height I, [im

* WES

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

ecmwrf.int

ECMWF’s Al forecasts become

operational

European Centre for Medium-Range Weather Forecasts

5-6 Minuten

ECMWF has taken the Atrtificial Inte
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https://vaw.metoffice.gov.uk/research/approach/colla

energy use for making a forecast.
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Scalability

A major programme to ensure NWP exploits the potential of future
energy-efficient computing systems

Progress in numerical weather prediction is intimately connected with progress in
supercomputing. Over the years, more computing power has enabled us to increase the skill
and detail of our forecasts. This has brought huge value to sodiety, not least through early
warnings of severe weather. But as the forecasting system becomes more complex, with
currant computing architectures it will soon be impossible to issue forecasts within schedule
and at a reasonable cost.

Supercomputer energy consumption at ECMWF would have to increase unviably if the more
complex forecasting systems of the future were to be run on the current architecture.
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Simulation experiments. The need for greater computing performance is driven by advances in

pepestlereermnintlen abont rrediocentralaews 200 Leepurds ai-forecasts becermeoparations modelling the Earth’s physical processes, the use of more observational data and finer model grid
https:// ww.v:u||wf.i||t/lv:||/labuut/’w=|at-wv:-
do/scalability#:~:text=Supercomputer%20energy%20consumption%20at%20ECMWF,run%200n%20the%20current%20architecture
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A Results from OpenRave
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The Machine Learning Approach

2

Site-Specific Spatial Spatio-temporal
Forecast Extrapolation seastate forecast

| |
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Random Forest
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The Machine Learning Approach
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Site-Specific

OpenRave

Spatial

Forecast

\Extrapolation )

]

DA
Spatio-temporal
seastate forecast

ﬁ

| NOWCAST - only at time t |

Here: AWPR (UK Met office)[2]
Based on WAVEWATCH IIl (NOAA/NCEP)
Hindcast data provided back to 1980

Temporal Input
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Spatio-temporal Output

VHMO (25/05/2016 - 30/06/2016)

Longitude
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e Results from OpenRave

The Machine Learning Approach

Site-Specific

Spatial

ﬁ A

Spatio-temporal
seastate forecast

Forecast \Extrap0|ati0n/
Temporal Input
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Preliminary results (Temporal model)

Model: Attention-based LSTM
(sequence-to-sequence)
Inputs: Multivariate time series, here:
H,(t)
X = {Xt_n, .--,Xt}, Xt = Tp(t)
VPED(t)
VPED = peak wave direction
B
= ADCP
55°N E BUD
XWES
54°30'N =
. NOO
E ot I o
= XHEL
PN NOl XELB
ONOR ™
53°30°N -
Longitude
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3- hour forecast

Actual vs Predicted Values for VHMO at FN1 (01/01/2022 - 30/06/2022)
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Implications & Constraints

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

But ! LT SCHLESWIG-

ELB HOLSTEIN
. . . . ope - TP
Inconsistent in-situ data availability . q; Q@  Fambis
Limited scalability: . LOWER SAXONY

Multiple Temporal prediction models for each parameter
and location.

Mapview German Bight, @LuFI

Data Availability for Forecast: 72-Hour Lookback History (2023)
Error propagation & compounding of

February March A May June November December

pril July August September October Januar: Yy

B 6 stations W 5 Stations M 4 Stations 3 Stations W 2 Stations WM 1 Stations
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Solution / Go-to

1. DATA STRUCTURED
AS A REGULAR GRID GRAPH

STAGE 1: UNIFORM GRID GRAPH
(e.g., Image Pixels or Regular
~_Ocean/Atmospheric Grid Poin

proximity
(Entities/Locations,
e.g., Ocean Grid Points)
MODELS REGULAR CONNECTIONS.
(Most nodes have 8 neighbors)
Generated with Google Gemini
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Graph Representation

 Nodes: grid points /
buoy locations

« Edges: Physical
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Solution / Go-to

"= Graph-based Neural Network

[ 2. GNN PROCESS: MESSAGE |

) 9cear_):/i\t>mrovspheric Grid Points) )

S

1. DATA STRUCTURED
AS A REGULAR GRID GRAPH PASSING & AGGREGATION
STAGE 1: UNIFORM GRID GRAPH NEIGHBORING Nodes share
(e.g., Image Pixels or Regular NODES their information

with connected

~ @ neighbors.
A TARGET

GNN Mechanism
(Message Passing)

Neighboring nodes
exchange information

Features are

' ' ‘ Y- \?& NODE_~ = aggregated into a
l\ \ ' > ,g;ss;;eg’ - local context
‘\%@@\\'4 ‘. * Each node update
W - ’ Aggfegated reflects both local
i Context .
: fodes, T : and surrounding
Entities/Locations, eg®
e.g., Ocean Grid Points) ; \ conditions
MODELS REGULAR CONNECTIONS. aggregation of neighbor
(Most nodes have 8 neighbors) L and target features |
Generated with Google Gemini
Ludwig-Franzius-Institute Project Highlights | Results from OpenRave | Results from finalRAVE | Summary |  Future Scope of Work

“ for Hydraulic, Estuarine and
Coastal Engineering

i { | Leibniz
13 i 0, 2 § Universitat
to9:4 § Hannover




S
/-
=N,
T e

“ for Hydraulic, Estuarine and

Solution / Go-to
= Graph-based Neural Network
(G s N R
1. DATA STRUCTURED 2. GNN PROCESS: MESSAGE 3. GNN OUTPUT:
AS A REGULAR GRID GRAPH PASSING & AGGREGATION FEATURE UPDATE
STAGE 1: UNIFORM GRID GRAPH NEIGHBORING Nodes share TARGET NODE UPDATE: Gains new
(e.g., Image Pixels or Regular NODES their information information from its neighbors and
) Oceaql‘l\tmogpheric Grid Points) N o with connected S local context.
Vi~ G\ e neighbors.
Qv_,,_ OO OO0~ _ Updated Node
%’A’l\‘"‘ \ 4N TARGET A Features 2 e
A NODE _ >3
TISININIOE N o~
ﬁ ’ f ‘ ' Q Messageﬁ « o/ JATE e
; / ~ Aggregated ~
e \"" o 0 el Context (#4 Learned
Nodes o i J Representation
(Entltles/Logatlor_\s, Edges [© @ ‘ J/
e.g., Ocean Grid Points) 7 e / \ /,-
MODELS REGULAR CONNECTIONS. aggregation of neighbor Individual node updates
(Most nodes have 8 neighbors) L and target features ) & based on context J
Generated with Google Gemini
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Feature Update

Future Scope of Work

Each node updates
its state based on
neighbor context

Learns a spatially
informed
representation

Enables consistent

predictions across
the domain
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Methodology

Historic
Buoy Data

Unified Spatio-Temporal Architecture
= GNN: captures spatial dependencies
= LSTM: captures temporal evolution

-

Sea State

Water Depth
Map

Integration of Physical Drivers

Bathymetry (Water Depth): >@/[J
. . . . X /

» Decreasing water depth nearshore induces white-capping and

energy damping. Wind
Wind Forcing (e.g. DWD-ICON): (DWDI.?CON)

= Primary driver of wave energy input and growth -
Ludwig-Franzius-Institute
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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

Data Availability for Forecast: 72-Hour Lookback History (2023)

February March Aprll June July August September October November December January
Months (2023)
Il 6 Stations W 5 Stations  EEE 4 Stations 3 Stations [ 2 Stations WM 1 Stations
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Results | Overall Spatio-Temporal Performance

GB | Hmo, 12h Forecast, 2023

R?Score

0.8
Flensbt

> High overall predictive skill 2023: R? = 0.94

> Performance is limited in nearshore shallow waters
due to shoaling and white capping.

0.6

0.4

0.2

Croningens

peuwardens

Bremene o
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Results | Temporal Performance

. . Available Stations: FN1, FN3, DBU, LTH, NOO,
FN1 Storm Frederico Storm Bettina ELB(partial)
= In-Situ —— AWPR —— GNN (Wind Sparse) =5
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Results | Temporal Performance

Storm Zoltan

FN1 —— In-Situ —— AWPR —— GNN (Wind Sparse)
—
E 8 Flensbt
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GB | HmO, 12h Forecast, 2023 sremen. = @ o
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Results

Transferability

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
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Summary

VISION

» High predictive accuracy: R? = 0.89-0.95 (2023) Safe and economical

. offshore operations

" RObUSt to data gaps. through accurate and

H . 1: resource-efficient seastate

— stable performance under partial sensor availability el

= Computational efficiency:
—> significantly lower cost than NWP with comparable accuracy
= Scalable and transferable framework:
— performance expected to improve with increased data availability

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

> Potentially supports safe and efficient decision-making for marine operations
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FUTURE SCOPE OF WORK

» 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
= |everage 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
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