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• CERA website (cera.coastalrisk.live): Real time 

measurements of water level, wind etc

• Water level data:

• Forecast data: ADCIRC

• Observed data: Gauge stations (USGS, NOAA etc.)

Background

Observed data
Forecast data

Hurricane Ian (2022)

https://cera.coastalrisk.live/


Motivation: ML prediction of the offsets between observed
and ADCIRC forecast water height for post-simulation 
mitigation of the systemic model errors during storms

Offsets

Observed data
Modelled data

Background
Hurricane Ian (2022)



● User-friendly archive with water 
levels from 60+ U.S. tropical storms 
from the past 20 years, interfaced to 
the CERA website

Historical Storm Archive 
historicalstorms.coastalrisk.live

C. Kaiser, C. Dawson, E. Nikidis, J. Fleming. (2023) "ADCIRC/SWAN 

Hindcasts for Historical Storms 2003-2022", in CERA / ADCIRC Storm Surge 

Hindcasts: Historical Storms 2003-2022. DesignSafe-CI.
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Background

Previous work:

• LSTM-based approach for bias correcting water levels in gauge 

stations

• Model trained on biases from observed and ADCIRC simulated

historical storm water level data



CERA implementation:

Background

(Hurricane Ian, 2022)



Generating extrapolated offsets beyond the 
gauge stations

➢ Predict biases on arbitrary grid points

• Learn: known offsets from gauge stations
• Predict: offsets at desired coordinates 

➢ Generative AI

Scope



Workflow



Data

Historical Storm Archive 
historicalstorms.coastalrisk.live



CERA Historical Storm Archive: historicalstorms.coastalrisk.live



Data

Clustering

• K-means clustering of stations 

based on their coordinates

• Separately for each hurricane

• No. of clusters: 10% of stations

• Training set: 90% of each cluster

Input data:

• 24h-ahead bias predictions for each 

training station and hurricane, 

generated with the LSTM-based 

model



Main principle: Zero-sum game between two 

adversarial NN submodels:

• The generator: creates data by learning a 

distribution, starting from white noise

• The discriminator: trained on data, tries to 

distinguish between data from the “real” distribution 

and random noise (“fake” data)

Training:

• Minmax game:

• The generator improves by minimizing the 

probability of “being caught” by the discriminator

• The discriminator improves by maximizing the 

probability of fake detection

• The model training has converged when the 

discriminator can no longer distinguish whether the 

data from the generator are “real” or “fake” (p=0.5)
I.J. Goodfellow et al., Generative Adversarial Networks, arXiv:1406.2661 (2014)

Generative Adversarial Networks



Generative Adversarial Networks

Applications

• Image/video generation/processing (enhancement, 

denoising, coloring)

• Synthetic dataset generation

etc.

E. Zakharov et al., Few-Shot Adversarial Learning of Realistic Neural Talking Head Models, arXiv:1905.08233 (2019)



TimeGAN for bias correction

1- Maps the input time series (water level bias) and static 
features (coordinates) into a latent space.
2- Aims to fix the outputs of the embedder and generator
3- Generates sequences out of a uniform distribution
4- Classifies whether the data is real or synthetic
5- Reconstructs features from latent space to their 
original representation

J. Yoon et al., Time-series generative adversarial networks, Advances in neural information

processing systems, 32 (2019)



TimeGAN for bias correction



Results

• Promising 

performance:

Typically, low 

RMSE (<1.5 ft)

• Higher RMSE 

along storm 

tracks

• Few outliers



Results

• Outliers: USGS 

stations





Conclusions
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• TimeGAN: Spatial extrapolation of water bias timeseries from gauge station 

coordinates with generative AI

• Test cases: Huricanes Ian (2022), Harvey (2017), Ida (2021), Idalia (2023), 

Matthew (2016), Hermine (2016)

• Stations clustered by coordinates for each hurricane, 90/10 train/test split 

for each cluster

• Promising results for spatial extrapolation

• Suitable for real-time bias correction forecasting

• Future steps: Improve model robustness

• More diverse training datasets (storms, geographic regions)



Coastal Emergency Risks Assessment
STORM SURGE – WIND – WAVE – FLOOD GUIDANCE

Hurri-GAN: Bias Correction with Spatiotemporal Extrapolation using GenAI

Our team:

Hartmut Kaiser Head of STE||AR GROUP, Research Professor, LSU-CCT

Carola Kaiser Team Lead of the CERA Storm Surge and Flood Web Mapping Visualization Tool-LSU

Noujoud Nader ML Research Scientist, LSU-CCT

Stefanos Giaremis Post-doctoral Researcher, Aristotle University of Thessaloniki

Rola El Osta Assistant Professor, Saint Joseph University of Beirut

Hadi Majed MSc student, Saint Joseph University of Beirut

Publication (under review):
HURRI-GAN: A Novel Approach for Hurricane Bias-Correction
Beyond Gauge Stations using Generative Adversarial Networks
N. Nader, S. Giaremis, R. El Osta, C. Dawson, C. Kaiser, H. Kaiser, H. Majed


	Slide 1: Hurri-GAN: Bias Correction with Spatiotemporal Extrapolation using GenAI
	Slide 2: Background
	Slide 3: Background
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20

