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70 % u tiliza tio n  ra te  (a t s e a  tim e )  p e r ye a r a t a n  a ve ra g e  ME c o n s u m p tio n  o f 4 0  MT/ d a y a t a n  e s tim a te d  b u n ke r p ric e  o f $ 5 0 0 / MT

18 % o f m a in  e n g in e  
fu e l c o n s u m p tio n

Co s t p e r ye a r ( a t 
c u rre n t p ric e s )~$ 9 20 ,0 0 0

e m is s io n s  
p e r ye a r~5 ,730  MT 

CO2

Th e  c o s t o f a d ve rs e  we a th e r fo r 
a  s in g le Ca p e s ize  Bu lk Ca rrie r 
p e r ye a r:

18 %
MEAN

The Cost of Weather 
Uncertainty



Closing the Ocean Data Gap

WATER LINE

Im a g e : h ttp s :/ / www.fro n tie rs in .o rg / a rtic le s / 10 .338 9 / fm a rs .2019 .0 0124 / fu ll |  Eric  Ga y 

3M
DISCUS BUOY

2.1M 
SCOOP BUOY

0 .9 M
DATAWELL
WAVERIDER 0 .4  M

SOFAR SPOTTER

https://www.frontiersin.org/articles/10.3389/fmars.2019.00124/full


Sofar Capabilit ies

Spot ter Plat form

Extensible  ocean sensing 
plat form deployed globally

Weather

Weather forecast s powered by 
real-t ime data assimilat ion

Wayfinder

Voyage  safe ty and guidance  
with the  best  weather forecast s



Spot ter Plat form
An extensible  ocean sensing plat form delivering 
real-t ime surface  and subsurface  data. Includes 
air-deployable  and quick-deploy opt ions.

Wind 

Sea Surface  Temperature

Wave & Wave Spect ra

Atmospheric  Pressure

Surface Capabilities

Temperature Water level Current

Development  Kit

Subsurface Capabilities

Sound Water Quality



An d re w  Re e d , W HOI



SECTION

g lo b a l se n so r n e t w o rk (a ka  Th e  Grid )

https://weather.sofarocean.com/


Rapid network augmentation through 
airdropped Spotters , demons trating value of 
rapid-res pons e capability

The picture can't be displayed.

Hu rric a n e  Ia n
RAPID RESPONSE NETWORKS



Francine Helene Milton
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Mon, Sep 9, 2024 –
Thu, Sep 12, 2024

Tue, Sep 24, 2024 –
Fri, Sep 27, 2024

October 5, 2024 –
October 10, 2024



We own and operate  the  largest  private  in situ 
global ocean sensor ne twork powering the  
world’s most  accurate  marine  weather forecast s.

● 2,5 0 0 +  a c tive  s e n s o rs  d e p lo ye d  g lo b a lly
● 10 0 ,0 0 0 +  u n iq u e  d a ily o c e a n  we a th e r u p d a te s
● 10 +  m illio n  d e vic e  o c e a n  h o u rs



Fo rc in g Ob s e rva tio n s

Wa ve Wa tc h III®
Da ta  As s im ila t io n An a lys isIn it ia l Co n d it io n s

15 - Da y Fo re c a s t

Eve ry 6 - Ho u rs

Eve ry 1- Ho u r

Da ta  a s s im ila te d  in to  WW3 m o d e l h o u rly to  im p ro ve  fo re c a s t s kill.

As s im ila t io n  o f th e  So fa r Sp o t te r Ne two rk
Sof a r ’ s  Pr oduc t i on  Wa ve  For e c a s t  Sys t e m

( Ba c kg ro u n d )
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Mo d e ls  + Ob s e rva t io n s

So fa r’s  W a ve  Fo re ca s t s

W a ve  Mo d e l + Sp o t t e r s ize  p ro p o rt io n a l t o  m o d e l e rro r

Ch a n g e  t o  m o d e l a ft e r in co rp o ra t in g  o b se rva t io n s



20 21

Op tim a l In te rp o la tio n  (OI)  o f Sp o tte r s ig n ific a n t wa ve  h e ig h t
Sm it, Ho u g h to n , e t a l. (2021) . As s im ila tio n  o f s ig n ific a n t wa ve  h e ig h t fro m  d is trib u te d  o c e a n  wa ve  s e n s o rs . 
Oc e a n  Mo d e llin g , 159 , 101738 .

20 22

OI o f Sp o tte r d ire c tio n a l wa ve  s p e c tra
Ho u g h to n , e t a l. (2022) . Op e ra tio n a l a s s im ila tio n  o f s p e c tra l wa ve  d a ta  fro m  th e  So fa r Sp o tte r n e two rk. 
Ge o p h ys ic a l Re s e a rc h  Le tte rs , 49 .

20 23

En s e m b le - b a s e d  DA o f Sp o tte r s ig n ific a n t wa ve  h e ig h t
Ho u g h to n , e t a l. (2023) . En s e m b le - Ba s e d  Da ta  As s im ila tio n  o f Sig n ific a n t Wa ve  He ig h t fro m  So fa r Sp o tte rs  
a n d  Sa te llite  Altim e te rs  with  a  Glo b a l Op e ra tio n a l Wa ve  Mo d e l, Oc e a n  Mo d e llin g .

As s im ila t io n  o f th e  So fa r Sp o t te r Ne two rk
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So fa r’s  W a ve  DA De ve lo p m e n t



In  tra d itio n a l Op tim a l In te rp o la tio n , we  a s s u m e  h o m o g e n e o u s  a n d  is o tro p ic  e rro r c o va ria n c e s  s ta tis tic s  -
i.e . a  Ga u s s ia n  p a ra m e te riza tio n  o f e rro r c o va ria n c e  th a t d e c a ys  with  d is ta n c e  fro m  o b s e rva tio n .

Op t im a l In te rp o la t io n  vs . En s e m b le - b a s e d  DA

LETKF: Co h e re n t, p h ys ic a lly re a lis tic  u p d a te s  b a la n c in g  m o d e l 
u n c e rta in ty with  o b s e rva tio n s

ΔHs

Op t im a l In t e rp o la t io n : Blo b b y, lo c a l u p d a te s  o u t o f 
b a la n c e  with  wa ve  m o d e l a n d  win d  fo rc in g

ΔHs



Op t im a l In te rp o la t io n  vs . En s e m b le - b a s e d  DA
In  tra d itio n a l Op tim a l In te rp o la tio n , we  a s s u m e  h o m o g e n e o u s  a n d  is o tro p ic  e rro r c o va ria n c e s  s ta tis tic s  -
i.e . a  Ga u s s ia n  p a ra m e te riza tio n  o f e rro r c o va ria n c e  th a t d e c a ys  with  d is ta n c e  fro m  o b s e rva tio n .

LETKF: Co h e re n t, p h ys ic a lly re a lis tic  u p d a te s  b a la n c in g  m o d e l 
u n c e rta in ty with  o b s e rva tio n s

ΔHs

Op t im a l In t e rp o la t io n : Blo b b y, lo c a l u p d a te s  o u t o f 
b a la n c e  with  wa ve  m o d e l a n d  win d  fo rc in g

ΔHs
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En s e m b le - b a s e d  DA Up d a te  

LETKF Up d a t e
An a lys is  - Ba c kg ro u n d  Fie ld

Op t im a l In t e rp o la t io n  Up d a t e
An a lys is  - Ba c kg ro u n d  Fie ld

Shift the storm northSimply scale the storm

En s e m b le  p ro vid e s  a  m o re  p h ys ic a lly re a lis tic  u p d a te  
to  th e  wa ve  fie ld  a n d  a n  u n d e rs ta n d in g  o f th e  
u n c e rta in ty.

Ho u g h to n , e t a l. ( 2023) . En s e m b le - Ba s e d  Da ta  As s im ila tio n  o f Sig n ific a n t Wa ve  He ig h t fro m  So fa r Sp o tte rs  a n d  Sa te llite  Altim e te rs  with  a  Glo b a l Op e ra tio n a l Wa ve  Mo d e l, Oc e a n  Mo d e llin g .

16

Wha t ’ s  ne x t



En s e m b le - b a s e d  DA Up d a te  

Mo d e l Erro r Co v a ria n c e s
De rive d  fro m  wa ve  e n s e m b le

Negative correlation

Positive correlation

Positive departure

Wa ve  m o d e l e n s e m b le  p ro vid e s  e s tim a te  
o f e rro r c o va ria n c e s  b e twe e n  a ll lo c a tio n s .

Ho u g h to n , e t a l. ( 2023) . En s e m b le - Ba s e d  Da ta  As s im ila tio n  o f Sig n ific a n t Wa ve  He ig h t fro m  So fa r Sp o tte rs  a n d  Sa te llite  Altim e te rs  with  a  Glo b a l Op e ra tio n a l Wa ve  Mo d e l, Oc e a n  Mo d e llin g .

LETKF Up d a t e
An a lys is  - Ba c kg ro u n d  Fie ld
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Wha t ’ s  ne x t



The picture can't be displayed.

Co u p le d  fo re c a s t  s ys te m

Atm o s p h e re  Win d s

Oc e a n  Wa ve s

So u th e rn  Oc e a n  in  20 23

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

Sof a r ’ s  Coupl e d  At mos phe r e - Wa ve - Oc e a n f or e c a s t  s ys t e m



Wa ve
We  le ve ra g e  th e  e xc e p tio n a l p e rfo rm a n c e  o f So fa r’s  o p e ra t io n a l 
w a ve  fo re c a s t  s ys te m (Wa ve Wa tc h 3 a s s im ila tin g  Sp o tte rs  a n d  
a ltim e te r m e a s u re m e n ts )  Ho u g h to n  e t a l. ( 20 22)

In  p ro d u c t io n  - So fa r W a ve  Mo d e lin g



Atm o s p h e re

Wa ve

Oc e a n

We  le ve ra g e  th e  e xc e p tio n a l p e rfo rm a n c e  o f So fa r’s  o p e ra t io n a l 
w a ve  fo re c a s t  s ys te m (Wa ve Wa tc h 3 a s s im ila tin g  Sp o tte rs  a n d  
a ltim e te r m e a s u re m e n ts )  Ho u g h to n  e t a l. ( 20 22)

We  u s e  th e  Mo d u la r Oc e a n  Mo d e l (MOM6 )  d e ve lo p e d  a t GFDL.

Co u p le r
We  u s e  th e  Ea rth  Sys te m  Mo d e lin g  Fra m e wo rk (ESMF)  
Na tio n a l Un ifie d  Op e ra tio n a l Pre d ic tio n  Ca p a b ility (NUOPC)
(s u p p o rte d  b y: NASA, NOAA, Do D, NSF) .

We  u s e  th e  Sys te m  fo r Hig h - re s o lu t io n  m o d e lin g  fo r Ea rth - to - Lo c a l Do m a in s
(SHiELD)  with  Fin ite  Vo lu m e  Cu b e  Sp h e re  d yn a m ic a l c o re  (FV3) , d e ve lo p e d  a t 
GFDL (Ha rris  e t a l., 20 20 ) .

In  d e ve lo p m e n t  - So fa r Co u p le d  Mo d e lin g

SHiELD



Atm o s p h e re

Wa ve

Oc e a n

We  le ve ra g e  th e  e xc e p tio n a l p e rfo rm a n c e  o f So fa r’s  o p e ra t io n a l 
w a ve  fo re c a s t  s ys te m (Wa ve Wa tc h 3 a s s im ila tin g  Sp o tte rs  a n d  
a ltim e te r m e a s u re m e n ts )  Ho u g h to n  e t a l. ( 20 22)

We  u s e  th e  Mo d u la r Oc e a n  Mo d e l (MOM6 )  d e ve lo p e d  a t GFDL.

Co u p le r
We  u s e  th e  Ea rth  Sys te m  Mo d e lin g  Fra m e wo rk (ESMF)  
Na tio n a l Un ifie d  Op e ra tio n a l Pre d ic tio n  Ca p a b ility (NUOPC)
(s u p p o rte d  b y: NASA, NOAA, Do D, NSF) .

We  u s e  th e  Sys te m  fo r Hig h - re s o lu t io n  m o d e lin g  fo r Ea rth - to - Lo c a l Do m a in s
(SHiELD)  with  Fin ite  Vo lu m e  Cu b e  Sp h e re  d yn a m ic a l c o re  (FV3) , d e ve lo p e d  a t 
GFDL (Ha rris  e t a l., 20 20 ) .

In  d e v - So fa r Co u p le d  At m o sp h e re -W a ve  Mo d e lin g

SHiELD



ECMW FHRe s  su rfa c e  w in d -sp e e d  
(20 24 -0 2-15)

+/-23.5º

Sof a r ’ s  Coupl e d  At mos phe r e - Wa ve - Oc e a n f or e c a s t  s ys t e m



GFDL FV3-SHiELD model, C768L91, 
hybrid EDMF PBL scheme, ECMWF ICs 

and BCs (SST, sea ice)

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



With GFDL FV3-SHiELD team 
collaboration (TKE EDMF PBL scheme, 

microphysics parameter settings, aerosol 
climatology, and land surface climatology, 

91 levels)

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



Adding an active ocean mixed layer model
for the ocean (+/- 30º N/S), no longer using 

ECMWF boundary conditions (SST, sea ice)

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



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

Sofar coupled atmosphere-wave-ocean(mixed layer), 
coupling Charnock, surface air density, air-sea temperature 

differences, neutral winds. 
Inputs: ECMWF atm ICs, Sofar wave ICs, ocean currents.

(atm-wav-omlm)

Sofar’s 
coupled 
model now



(atm-wav-omlm)

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

Re s u lts  fo r a  s in g le  fo re c a s t  ( 1 in it  d a t e ) b a s e d  o n  ECMWF ICs , u s in g :

● FV3- SHiELD (C76 8 +9 1L)  w/  ‘HYB- EDMF’ 
● FV3- SHiELD (C76 8 +9 1L)  w/  ‘TKE- EDMF’ +  m ic ro p h ys ic s  & im p . c lim o .
● FV3- SHiELD (C76 8 +9 1L)  w/  ‘TKE- EDMF’ +  MLM
● FV3- SHiELD (C76 8 +9 1L)  w/  ‘TKE- EDMF’ +  MLM a n d  c o u p lin g  to  WW3 

u s in g  So fa r WW3 in itia l c o n d itio n s .

Sofar’s 
coupled 
model now



10m Wind Speed, all seasons (4 sampled dates 2023-2024)

Tropics

Indian Ocean

North Atlantic

Sofar’s 
coupled 
model now



Coupled atmosphere-wave model development
Improving cost s

# atmosphere vertical levels:   91   46   33

Reduced Cost

Im
proved skill

Global Tropics 30-60ºN



Co u p le d  Da ta  As s im ila t io n

30

● Ap p ly in fo rm a tio n  fro m  o b s e rva tio n s  a c ro s s  
d o m a in s  ( a tm o s p h e re , wa ve )

● Brin g  in  m o re  o b s e rva tio n s

Altim e te rs Altim e te rs  +  Sp o tte rs
Altim e te rs  +  Sp o tte rs

+  Sc a tte ro m e te rs

J a s o n - 3, SARAL, Se n tin e l 6 A ASCAT o n  METOP- A, METOP- B

Wha t ’ s  ne x t



Atm o s p h e re

Wa ve

Oc e a n

We  le ve ra g e  th e  e xc e p tio n a l p e rfo rm a n c e  o f So fa r’s  o p e ra t io n a l 
w a ve  fo re c a s t  s ys te m (Wa ve Wa tc h 3 a s s im ila tin g  Sp o tte rs  a n d  
a ltim e te r m e a s u re m e n ts )  Ho u g h to n  e t a l. ( 20 22)

We  u s e  th e  Mo d u la r Oc e a n  Mo d e l (MOM6 )  d e ve lo p e d  a t GFDL.

Co u p le r
We  u s e  th e  Ea rth  Sys te m  Mo d e lin g  Fra m e wo rk (ESMF)  
Na tio n a l Un ifie d  Op e ra tio n a l Pre d ic tio n  Ca p a b ility (NUOPC)
(s u p p o rte d  b y: NASA, NOAA, Do D, NSF) .

We  u s e  th e  Sys te m  fo r Hig h - re s o lu t io n  m o d e lin g  fo r Ea rth - to - Lo c a l Do m a in s
(SHiELD)  with  Fin ite  Vo lu m e  Cu b e  Sp h e re  d yn a m ic a l c o re  (FV3) , d e ve lo p e d  a t 
GFDL (Ha rris  e t a l., 20 20 ) .

Co u p le d  Da t a  Ass im ila t io n  Fra m e w o rk
Sof a r ’ s  Coupl e d  At mos phe r e - Wa ve - Oc e a n f or e c a s t  s ys t e m

SHiELD



Win d  Up d a te
fro m  Wa ve  Ob s e rva tio n s

Wa ve  Up d a te
fro m  Win d  Ob s e rva tio n s

EXPERI MENT 01 EXPERI MENT 02

Stre a k in d ic a te s  
in d e p e n d e n t  ( u n u s e d )  
d a ta  to  va lid a te  u p d a te . 
Ma tc h in g  c o lo rs  in d ic a te s  
u p d a te  a g re e s .

Wa ve  
Fie ld s

Atm o s  
Fie ld s

ΔWa ve h e ig h t

Win d  
Ob s e rva t io n s

Atm o s  LETKF Wa ve  LETKF

Wa ve  
Mo d e l

Atm o s  
Mo d e l

Wa ve  
Ob s e rva t io n s

Win d
De p a rtu re s

Wa ve
De p a rtu re s

ΔWin d s p e e d

Stre a k in d ic a te s  
in d e p e n d e n t  ( u n u s e d )  
d a ta  to  va lid a te  u p d a te . 
Ma tc h in g  c o lo rs  in d ic a te s  
u p d a te  a g re e s .

Us in g  th e  LETKF 
CDA fra m e wo rk o f 
Slu ka  e t a l. (20 16 )



We are  se t t ing up an ensemble  coupled forecast  
system using FV3-GFS(SHiELD) coupled to 
WaveWatchIII and MOM6.

● Cycled coupled data assimilat ion:
We have an R&D cycled coupled forecast  
system, and have  se t  up the  capability to 
cycle  the  coupled model with the  Local 
Ensemble  Transform Kalman Filt e r (LETKF) 
(st rongly coupled) Data Assimilat ion applied 
with each component .

● Compare  forecast  against  observat ions:
We have developed an observat ion oriented 
assessment  package to tune  our coupled 
forecast  model. This is applied to the  ML-
calibrated forecast  system as a component  
of our “loss funct ion” to quant ify forecast  
skill.

Sofar Coupled DA

Su rfa c e  
Pre s s u re

As s im ila t in g  Sp o tte r d a ta  in  th e  Pa c ific  w/  LETKF

Sig n ific a n t 
wa ve  
h e ig h t

Su rfa c e  
Win d s

2/ 15 / 24 , 0 Z

Rig h t: c irc le s  ( s ize  a n d  c o lo r)  in d ic a te  th e  s ize  o f 
th e  d e p a rtu re  b e twe e n  o b s e rva tio n  a n d  fo re c a s t. 
Sh a d e d  a re a s  re p re s e n t th e  a n a lys is  in c re m e n t 
c a lc u la te d  b y c o u p le d  DA b a s e d  o n  th o s e  
d e p a rtu re s .



Machine  Learning caut ion - what  is it  learning?
Ch e n , Pe nny, Sm ith , Pla tt  (2025)  h ttp s :/ / jo u rn a ls .a m e ts o c .o rg / vie w/ jo u rn a ls / a ie s / a o p / AIES- D- 23- 008 8 .1/ AIES- D- 23- 0 08 8 .1.xm l

Lo re n z- 9 6 Lo re n z- 6 3

● Th e  b e s t m o d e ls  tra in e d  o n  d a ta s e ts  
g e n e ra te d  b y d iffe re n t n u m e ric a l 
in te g ra tio n s  m e th o d s  c ro s s  va lid a te d

● Pre d ic tio n  s kill is  s ig n ific a n tly wo rs e wh e n  
p re d ic tin g  a c ro s s  m e th o d s

● Hig h lig h ts  d a n g e rs  in  u s in g  re a n a lys is  
d a ta s e ts  a s  “tru th ” fo r ML tra in in g

● A 16 x s u b s a m p lin g  o f tra in in g  d a ta  
s ig n ific a n tly re d u c e s fo re c a s t s kill

● E.g . ERA5  6 - h o u r tim e s te p  ve rs u s  IFS with  a  
720 s  tim e s te p  is  30 x s u b s a m p le d , o r ve rs u s  
FV3 n o n h yd ro s ta tic  15 0 s  tim e s te p  is  14 4 x.

● Hig h lig h ts  d a n g e rs  in  te m p o ra l 
s u b s a m p lin g  in  re a n a lys is  d a ta s e ts  fo r ML 
tra in in g

https://journals.ametsoc.org/view/journals/aies/aop/AIES-D-23-0088.1/AIES-D-23-0088.1.xml


Th e  So fa r- Ea rth  Sys te m  Mo d e l b e c o m e s  a  
“h yb rid  p h ys ic s / ML” m o d e l

1 Ba la n d a t, Ma xim ilia n , e t a l. "Bo To rc h : A fra m e wo rk fo r e ffic ie n t Mo n te - Ca rlo  Ba ye s ia n  o p tim iza tio n ." Ad va n c e s  in  n e u ra l in fo rm a tio n  p ro c e s s in g  s ys te m s  33 (2020) : 21524- 21538 .

1

We  u s e  m a c h in e  le a rn in g  to  o p tim ize  o u r p h ys ic s - b a s e d  m o d e l p a ra m e te rs  to  fit Sp o tte r d a ta  - e n s u rin g  th e  h ig h  
fid e lity fro m  p re c is e  p h ys ic s  e q u a tio n s  wh ile  le ve ra g in g  a d va n c e s  in  m a c h in e  le a rn in g  to  re d u c e  u n c e rta in tie s .

Atm o s p h e re  Win d s

Oc e a n  Wa ve s

Parameters



4 D- Va r u s in g  
Ba c kp ro p a g a t io n  
a n d  He s s ia n  
a p p ro xim a t io n

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

Le ve ra g in g  (A)  a u to m a tic  d iffe re n tia tio n  a n d  
(B)  ML s o ftwa re  to o ls  to  m in im ize  th e  
d a ta  a s s im ila tio n  c o s t fu n c tio n

https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2024MS004608


Da ta As s im Be n c h
Solvik, Penny, and Hoyer (2025) <submitted>

Be n c h m a rkin g  a n d  “wo rk b e n c h ”, in s p ire d  b y 
We a th e rBe n c h  b u t fo c u s e d  o n  d a ta  a s s im ila tio n  with  AI/ ML

https://github.com/StevePny/DataAssimBench
https://github.com/StevePny/DataAssimBench-Examples

https://github.com/StevePny/DataAssimBench
https://github.com/StevePny/DataAssimBench-Examples


Stephen G. Penny
Head of Weather
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steve .penny@sofarocean.com
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