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The Cost of Weather
Uncertainty
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Closing the Ocean Data Gap
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Sofar Capabilities

Spotter Platform Weather Wayfinder
Extensible ocean sensing Weather forecasts powered by Voyage safety and guidance
platform deployed globally real-time data assimilation with the best weather forecasts
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Spotter Platform

An extensible ocean sensing platform delivering
real-time surface and subsurface data. Includes
air-deployable and quick-deploy options.

Surface Capabilities
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https://weather.sofarocean.com/

RAPID RESPONSE NETWORKS

Hurricane Ian

Rapid network augmentation through
airdropped Spotters, demonstrating value of
rapid-response capability
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Sofar’s Production Wave Forecast System

Assimilation ofthe Sofar Spotter Network

Data assimilated into WW3 model Aourlyto improve forecast skill.
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Sofar’s Wave Forecasts

Models + Observations
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Wave Model + Spotter size proportional to modelerror
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Sofar’s Wave DA Development

Assimilation ofthe Sofar Spotter Network

2021
OptimalInterpolation (OI) of Spotter significant wave height

Smit, Houghton, et al. (2021). Assimilation ofsignificant wave height from distributed ocean wave sensors.
Ocean Modelling, 159,101738.
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Latitude

Optimallnterpolation vs. Ensemble-based DA

In traditional OptimalInterpolation,we assume homogeneous and isotropic error covariances statistics -

ie.a Gaussian parameterization oferror covariance thatdecays with distance from observation.
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Optimallnterpolation: Blobby, localupdates out of
balance with wave modeland wind forcing
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LETKF: Coherent, physically realistic updates balancing model
uncertamty with observations
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Optim al Int¢
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Latitude

Waat’s next

Ensemble-based DA Update

Ensemble provides a more physically realistic update
to the wave field and an understanding ofthe

uncertainty.

OptimalInterpolation Update
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Latitude

Background Significant Wave Height
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Sofar’s Coupled Atnosphere-Wve-Ocean forecast system

Coupled forecastsystem

Atmosphere Winds

Ocean Waves

We want to take advantage of the strong correlations between winds,
waves, and currents to better leverage Sofar observations

[0

Southern Ocean in 2023



In production - Sofar Wave Modeling

We leverage the exceptionalperformance of Sofar’s operational

wave forecast system (WaveWatch3 assimilating Spotters and
altimetermeasurements) Houghton et al (2022)




In development - Sofar Coupled Modeling

h We use the System for High-resolution modeling for Earth-to-IocalDomains
Atmosphere (SHiELD) with Finite Volume Cube Sphere dynamicalcore (FV3),developed at
GFDL (Harris et al, 2020).

We leverage the exceptionalperformance of Sofar’s operational
wave forecast system (WaveWatch3 assimilating Spotters and
altimetermeasurements) Houghton et al (2022)

Ocean We use the Modular Ocean Model (MOM6) developed at GFDL

We use the Farth System Modeling Fram e work (ESMF)
Coupler NationalUnified OperationalPrediction Capability (NUOPC)
(supported by: NASA, NOAA, Do D, NSF).

‘‘‘‘‘‘‘‘‘



In dev - Sofar Coupled Atmosphere-Wave Modeling

We leverage the exceptionalperformance of Sofar’s operational
wave forecastsystem (WaveWatch3 assimilating Spotters and
altimetermeasurements) Houghton et al (2022)

We use the Modular Ocean Model (MOM6) developed at GFDL

We use the Earth System Modeling Fram e work (ESMF)
Coupler NationalUnified OperationalPrediction Capability (NUOPC)
(supported by: NASA, NOAA, DoD, NSF).
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Sofar’s Coupled Atnosphere-Wve-Ocean forecast system

ECMWFHRes surface wind-speed
(2024-02-15)
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10m Wind Speed RMSD on 2/15/24 (Tropics)

Spotter, ASCATB-L2-25km, ASCATC-L2-25km, CYGNSS_L2 V3.1, JASON_CS_S6A L2 ALT LR_STD_OST NRT F, JASON_3 L2_OST _OGDR_GPS
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rmsd [m/s]

10m Wind Speed RMSD on 2/15/24 (Tropics)

Spotter, ASCATB-L2-25km, ASCATC-L2-25km, CYGNSS_L2_V3.1, JASON_CS_S6A_L2_ALT_LR_STD_OST_NRT_F, JASON_3_L2_OST_OGDR_GPS
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rmsd [m/s]

10m Wind Speed RMSD on 2/15/24 (Tropics)

Spotter, ASCATB-L2-25km, ASCATC-L2-25km, CYGNSS_L2 V3.1, JASON_CS S6A L2 ALT LR STD_OST NRT_F, JASON 3 L2 OST OGDR_GPS
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rmsd [m/s]

10m Wind Speed RMSD on 2/15/24 (Tropics)

Spotter, ASCATB-L2-25km, ASCATC-L2-25km, CYGNSS_L2 V3.1, JASON_CS_S6A L2 ALT LR_STD_OST NRT_F, JASON_3 L2 OST OGDR_GPS
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rmsd [m/s]

10m Wind Speed RMSD on 2/15/24 (Tropics)
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rmsd [m/s]

10m Wind Speed, all seasons (4 sampled dates 2023-2024)
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rmsd [m/s]

Coupled atmosphere-wave modeldevelopment
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What’s next

Coupled Data Assimilation

e Applyinformation from observations across
domains (atmosphere,wave)
e Bring in more observations

Altim eters Altimeters + Spotters

‘Hiah winds |
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Altim eters + Spotters

*'.

-— Jason-3,SARAL Sentinel 6 A
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-60

+ Scatterometers
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Sofar’s Coupled Atnosphere-Wve-Ocean forecast system

Coupled Data Assimilation Framework
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EXPERI MENT 01

Wind Update

from Wave Observations

Wave
Field s

—
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Wave
Departures

Atm-OS

AWaveheight [m/s]

Wave
Observations

Streak indicates
independent (unused)
data to validate update.
Matching colors indicates
update agrees.

EXPERI MENT 02

Wave Update

from Wind Observations

Atm oS
Field s

—
%

Wind
Departures

Wave

He Difference [m]

Wind
Observations

Using the LETKF
CDA framework of
Sluka et al. (2016)

Streak indicates
independent (unused)
data to validate update.
Matching colors indicates
update agrees.



Sofar Coupled DA

We are setting up an ensemble coupled forecast
system using FV3-GFS(SHIELD) coupled to
WaveWatchlll and MOMS6.

Cycled coupled data assimilation:

We have an R&D cycled coupled forecast
system, and have set up the capability to
cycle the coupled model with the Local
Ensemble Transform Kalman Filter (LETKF)
(strongly coupled) Data Assimilation applied
with each component.

Compare forecast against observations:

We have developed an observation oriented
assessment package to tune our coupled
forecast model. This is applied to the ML-
calibrated forecast system as a component
of our “loss function” to quantify forecast
skill.

Right:circles (size and color) indicate the size of

the departure between observation and forecast.

Shaded areasrepresentthe analysis increment
calculated by coupled DAbased on those
departures.

Assimilating Spotter data in the Pacific w/ LETKF
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Machine Learning caution - what is it learning?

Chen,Penny, Smith, Platt (2025) httpsv//journals.ametsoc.org/view/journals/aies/aop/AIES-D-23-0088.1/ AIES-D-23-0088.1xm |
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https://journals.ametsoc.org/view/journals/aies/aop/AIES-D-23-0088.1/AIES-D-23-0088.1.xml

The Sofar- Earth System Modelbecomes a
“hybrid physics/ ML’ model

We use machine learning to optimize our physics-based modelparameters to fit Spotterdata - ensuring the high
fidelity from precise physics equations while leveraging advances in machine learning to reduce uncertainties.

Atmosphere Winds

Ocean Waves

Mean Error = 1.6 m

—

e I ! - alol€ ®)
. N\ 1

Z 1Balandat, Maximilian,etal "BoTorch: A framework for efficient Monte-Carlo Bayesian optim ization." Advances in neuralinformation processing systems 33 (2020):21524-21538.



Solvik, Penny, and Hoyer (2025) https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2024MS004608

4D-Varusing

Backpropagation

and Hessian

approximation

[everaging (A) automatic differentiation and
(B) MLsoftware tools to minim ize the
data assimilation cost function
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Figure 5. (a)Run times (log scale) and (b) RMSE for the QG dynamics using the PyQG-
JAX forecast model, for 4D-Var and Backprop-4DVar. An unconstrained free run without data
assimilation is provided as a baseline for comparison. While all three DA methods show similar

performance in terms of RMSE, Backprop-4DVar using the approximate Hessian (green) is an

order of magnitude faster than the reference methods.
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https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2024MS004608

Benchmarking and “workbench” inspired by

WeatherBench but focused on data assimilation with A/ ML
Solvik, Penny, and Hoyer (2025) <submitted>

. https://qgithub.com/StevePny/DataAssimBench
Data Assim Bench https://github.com/StevePny/DataAssimBench-Examples

DataAssimBench: Google-funded development of a benchmarking
repo for integrating AI/ML with Data Assimilation (with Jax support)

Where are the benchmark training sets?
- This is a stepping stone toward the use of more realistic models, real real-
+ We generate them from known dynamical systems, there is no standard set, world observational data
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In [1]: from dabench.data import sqgturb -
import matplotlib.pyplot as plt In [1]: from dabench.data import aws
import matplotlib.pyplot as plt
In [2): model obj = sqgturb.Datasooturbl) X oy e np
odel obj.generate(n steps = 1880}
gridded vals = model obj.to original dim() In [2]: data_obj = aws.DataAwS(variables = ['air temperature at 2 metres’],
years = [2020, 2021),
min_lat = 36.992426, max_lat = 41.003444,

In [3]: 1ig, ax = pit.subplats(l, 2) min lon = -109.060253, max lon = -102.041524
fig.suptitle('506 Turbulence Model, Potential Vorticity (PVU)') gata_ob].losdt)
::{g:':::":‘;ﬁ::‘,“:ﬁt‘s’:;;'?a‘}' gridded values = data obj.to original dim()
ax[e].set xlabeli'x'); ax[0].set ylabel('y')
ax[1] .inshow(gridded vals(-1, 1]} In [3]: fig, ax = plt.subplots(l, 2)
ax[1].set_title( Timestep = 1000°) fig.suptitle(‘Air Temp at 2 Metres (K}, Colorado’)
C t Ct axl1].set_xlabel('x"); axl1].set_ylabel('y’') ax[0] .imshow(gridded values[12], vain=250, vmax=300)
ontact: fig.tight layout(} ax[0].set_title(np.datetime as_string(data obj.times[12], unit="h')); ax[e].set xl
fig.subplots adjust(top=1.2) ax[0].set_yticks(tickss[o, 5, 18, 15], labels=[37, 38.25, 39.5, 408.75]); ax([0].set
tev nn far n m plt.show() ax[1] . imshow(gridded values|3660], vmin=250, vmax-300)
o = ax[1].set_title(np.datetime as_string(data obj.times[366a], unit='h')); ax[1].set
506 Turbulence Model, Potential Vorticity (PVU) ax[1].set yticks(ticks=[@, 5, 18, 15], labels=[37, 38.25, 39.5, 48.75]); ax[1].set
fig.tight layout()
Timestep = 0 Timestep = 1000 fig.subplats_adjust(tops1.4)
1 Lt. show()
Steve Penny, Kylen Solvik (CU), flr:shon
S!ephan Hoyer (Google) Air Temp at 2 Metres (K), Colorade
g g 2020-01-01T12 2020-06-01T12
Tim Smith (CIRES/NOAA) 7 »
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https://github.com/StevePny/DataAssimBench
https://github.com/StevePny/DataAssimBench-Examples
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