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ECCO@Scripps: Our group contributes to the development and production of regional ocean state estimation using the methodology
developed by the ECCO consortium ( ecco.jpl.nasa.gov ). The ECCO code is based on the MIT general circulation model (MITgem) and
employs automatic/algorithmic differentiation (AD) tools for generating tangent linear and adjoint code for ocean circulation and climate
studies. The goal is to produce a model-observations synthesis, with consistent dynamics and closed budgets for all tracers, to be used for
scientific analysis. We are currently working on:

Southern Ocean State Estimate California Current System Gulf of Mexico State Estimate
(SOSE) State Estimate (CASE) (GoM)
The latest product, b-SOSE, is a physical- Short- and long-term reanalyses synthesize Estimation and prediction of the loop current and
biogeochemical state estimate produced as part of observations of the California Current System. loop current eddy separation.

the SOCCOM project.
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Tropical Pacific Ocean State Northwest Pacific State Gulf of Guinea
Estimate (TPOSE) Estimate (NWPac) Biogeochemical State
Observations from the TPOS constrain 4-month State estimation and prediction in the regions of Estimate (GG)
state estimates. Palau and Northern Philippine Sea.

A modeling component of Ocean Margins
Initiative

Biogeochemical Global Ocean California Current System
State Estimate (BGOSE) Submesoscale State Estimate
A quasi-global high resolution model with sea ice (CASSE)

and Joe shelves SWOT data assimilation in a high-resolution

coastal model.

At SIO we have been considering nested
regional efforts targeting the mesoscale.

Hypothesis testing: Identifying model error
(e.g. internal wave momentum fluxes not represented
by KPP in the tropical Pacific)

Forecasting: Identifying timescales of controllability and
predictability at ever shorter scales with SWOT

(e.g. success assimilating dynamics down to 70 km with
31 day windows)

Observing system experiments: Identifying the value of
observations (e.g. value in assimilating ADCP, SWOT,
etc)



Tropical Pacific Ocean State Estimate (TPOSE)

MITgcm ocean model TPOSE, Nov 18 2012
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Tropical Pacific Ocean State Estimate
(TPOSE) Ellen, Ariane, Bruce, Matt

Buoyancy frequency
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Hypothesis testing: Identifying model

error

(e.g. internal wave momentum fluxes not Mlixing in TPOSE vs. Observations and
represented by KPP in the tropical TPOSE and Observations LE S

Pacific) ’ — IS TPOSE and
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Observing system experiments: Identifying the value of observations (e.g. value in assimilating ADCP)

TPOSE, Nov 18 2012
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ilation Succeeds!
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More
Skill

Velocity Assimilation Succeeds!
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Assimilation Produces Equatorial Waves
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Changes to Velocity Initial
Conditions

RMS adjustment to velocity initial

Changes to Wind Forcing

RMS adjustment to atmospheric

winds over 4-months

conditions over 0-300m
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Predictability: ldentifying timescales of controllability

ainas . : California Current System (CCS)
success assimilating dynamics down to 70 km with 31 day y
windows
Adjustments to SST Average spectrum
T ey o
l_nltlal conditions C Ny (May 1-31, 2023)
along SWOT pass 026
1 SWOT Observations Constrain a 4D-Var State
o 1 Estimate of the California Current System
10.5
erdy!, S. T. Gille!, B. D. Cornuelle!, G. Gopalakrishnan', M. R. Mazloff!
10 1Scripps Institution of Oceanography, University of California San Diego
1-0.5 )
SWOT observations Key Points:
Forward model Using 4D-Var, SWOT observations are assimilated into a regional ocean model
-1 1076 Assim SWOT+GOOS targeting previously unconstrained scales of 50-100 km.
: Over the 31-day assimilation window, the state estimate fits SWOT data within
) 103 102 101 the prescribed 2 cm uncertainty.
0 . -1.5 SWOT face height ts lead to i d model t with
it e 190 e wavelength (km) sea surface height measurements lead to improved model agreement w1

independent in situ observations.

SWOT observations vs.

pass 026
Repeated daily in May 2023



Validating with CCE1 mooring

02 at CCE1 mooring

Push to the coast with BGC!

« 2-km grid spacing, 100 vertical levels

« 31-day assimilation windows constraining to
Argo, Spray, SST, SSH including SWOT
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Hindcast RMSD with SWOT
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Using SWOT Science Orbit Altimetry in the Gulf 7
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Biogeochemical global ocean state estimate
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Technical update time

« Data processing
* ObsFit
« Al/ML

* Coupled atmosphere-ocean-wave model, SKRIPS: WRF-MITgcm-WW3

« DA with EnKF (DART), including with BGC
« Consistent fluxes to atmosphere and ocean, including with sea ice!

* Another system option for regional coupled downscaling within IMVI?

* Quick plug: SWOT data inversion and DA working group meets the 1%t Monday of the month at 8 am PT.

Contact Sarah Gille sqgille@ucsd.edu to get on the email distribution list. Next presentation is June 1.



mailto:sgille@ucsd.edu

In Situ constraints processing

Argo (directly from the DAC, not missing profiles anymore)

WOD: CTD+0SD, XBT, GLD, MRB
ITP (L2, L3)

MEOP

Ocean State Estimation at Scripps

ecco.ucsd.edu/assim.html

SCRIPPS iwstirurion or
OCEANOGRAPHY

UC SanDiego

HOME PRODUCTS PEOPLE BIBLIOGRAPHY RESOURCES TERMS OF USE
Constraints processed for MITgecm assimilation
dataset variables years last updated notes

Argo (PFL) Argo GDAC TS 1997-2026 May 2026

BGC-Argo (PFLBGC) Argo GDAC 02, NO3, pH, chl 2005-2026 May 2026

CTD WOD T, S, 02 1992-2026 May 2026

XBT WOD T 1992-2024 May 2026 "noflag" = submitted
without QC flag;
processed separately

Gliders (GLD) wWoD T, 8,02 2002-2025 May 2026

Moorings (MRB) WwOoD T, 8,02 1991-2025 May 2026 97 and 36 depths

ITP WHOI T, S,02 2004-2023 May 2025 L2 and L3; no data
since 2023

Pinnipeds (APB) MEOP TS 2004-2024 May 2024 no update since 2024

1.6

1.4

%x10°

1997-2026
1992-2026
2004-2023
2004-2024

PFL

I raw
nC__]ocDb
N OC A
H I OC R
[ Iprevious
—e— T
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In Situ BGC constraints processing

« bgc-Argo 2005-2026 ecco.ucsd.edu/assim.html
¢ WOD 1 992'2026 5 £10° | | PFL-BGC
+ SOCATV2025 2012-2024 L=
- GLODAPv2  1992-2021 =g
In progress: 1.: ]!]]1u]]“ﬂ“ 0
Improved QC, BGC-Argo+ (Bushinski, Nashod) | Hﬂ ST TR st ! |
o B L e
o5t DDDEZQQZzAA ]
BGC-Argo+ Rl % sk AR

o y s . ] 2005 2010 2015 2020 2025
A dataset containing all available biogeochemical Argo data with

a secondary quality control applied. Data available as individual

float files or in monthly 1x1 gridded options.




] Enabling technology for
pkglObsFlt multi-model loss functions

Data assimilation in observation https://github.com/MITgcm/MITgcm/
space, not model space. tree/master/pkg/obsfit

0
Q

mitgcm.readthedocs.io

saves memory when sparse or irregular 1033, OBSFIT configuration and compiling
data (e.g. SWOT) -

OBSFIT can be turned on or off at compile time (see Section 3.5)

using the packages.conf file by adding obsfit toit

or using genmake2 adding -enable=obsfit Or -disable=obsfit switches

required packages and CPP options: pkg/cal must be enabled to use OBSFIT. No other packages
or CPP options are required.

1. Overview

* Observations can be instantaneous or

3. Getting Started with MITgecm

. . . If needed, edit OBSFIT_SIZE.h to change the maximum number of input files, total number of
a Ve ra e d/l n te ra te d I n tl m e ‘é MiTgem Tutorial Example observations, number of samples per tile, or number of samples per observation. For maximum
XPEIMERES efficiency, set those to the smallest values possible for your input datasets.
5. Contributing to the MITgem

6. Software Architecture 10.3.4. Run-time requirements

7. Automatic Differentiation

« Observations can be made of multiple e
Users must provide at least one OBSFIT input file, in netCDF format, with observed values and

9. Packages Il - Diagnostics and I/0 . A ) ) ! )
sampling locations. Typically, different datasets will be processed as separate files. In OBSFIT input

S a m p I e d p O I n ts (a We I g h te d ave ra g e Of B 10. Packages Il - Ocean State files, all fields will be vectors - with the exception of position and integration factors for the generic

Estimation )
grid case.

different variables or different locations) 0L ECCO T s

10.2. PROFILES: model-data
comparisons at observed locations

B 10.3. OBSFIT: grid-independent
model-data comparisons

10.3.4.1. Pre-processing: How to make OBSFIT input files

« obs_val (observed value)

obs_uncert (uncertainty on the observed value)
obs_YYYYMMDD (observation start time [year,month,day])
20 Tlimecichon obs_HHMMSS (observation start time [hour,min,sec])
10.3.2. Description

In progress: LLC grid compatibility?

sample_type (variable type, [integer; see table below])

sample_lon (longitude)
compiling sample_lat (latitude)

sample_depth (depth)

10.3.4. Run-time requirements

Speed up cost calculations
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this workflow



ML for Ocean Boundary Layer Parameterization (KPP)
Yue (Luna) Bai, Schmidt Al in Science postdoc, SIO

In the atmosphere:

resolved ML

200 -

400 -~

600 -

Pressure [hPa]

800 -

1 1 | | | | 1 | 1 | 1
-90-45 -20 Q0 20 45 45 20 0 20 45
Latitude Latitude

Figure from Rasp et al., 2018

Parameterization of nonlinear subgrid processes is source of model error.

processes; 1 surface fluxes
In the ocean: i aad

Langmuir,
convec tion
(nonlocal)
shear instability

non-local transport

KPP: w¢ =—-K40,P + NL4

i . . {
Can we capture KPP using machine |
ﬁ learning in ocean simulations?

272



ML Captures KPP with High Skill
Yue (Luna) Bai, Schmidt Al in Science postdoc,_ SIO

prediction truth i
. 400 400 "I\'
Gated Recurrent Unit (GRU) o0 g
300 300 s o
Hidd}e{n state Q '/9\ 7@ x 0 = . E
- i ‘ £ 200 F 200 0.20 E
@ > £
@h Zﬁt Uggfete I Candidate 100 4 100 0.15 x
| e |R, | - |Z, |tanh|----~ hidde~nstate i
L 7 b j il i | | ) 0.10 s
¥ - ) 0 100 200 300 400 0 100 200 300 400 =
X [m] X [m]
* |nput: variables from ~r=10.963 i — vun
simulations w/o KPP _— r i s —
* Qutput: heat flux difference s @ / i | it
between w/ and w/o KPP < oo i~ 23
* Depth-wise training, ~51,600 3 =2 ',"". T
sample grids 5 S "ﬁ""
°* Implemented into MITgcm with 2~ o sl , | |
neural-fOl’tran - _ltruth [CV m-2] 1 2 mean+std heat flux difference [Wm=2] 23



Exploring air—sea interactions in a regional weakly coupled data assimilation system: An observing
system experiment for the 2023 Indian Ocean monsoon and Cyclone Biparjoy

UCSD/SIO: Rui Sun, Matt Mazloff, Bruce Cornuelle,
The forward model is the SKRIPS model. Art Miller, Ganesh Gopalakrishnan, Tien-Yiao Hsu

Ocean component: MITgcm CU Boulder: Aneesh Subramanian and Lucy Recchia

KAUST: Ibrahim Hoteit and Sivareddy Sanikommu
Atmosphere component: WRF

Coupler: ESMF
DART (Data Assimilation Research Testbed) is used to
assimilate the observational data.

< START N
@ART—MITgcml ) (DART-WRF N (The SKRIPS model )
prepare ocean model =————————) = prepare atmosphere model
1 forecast model
run the coupled model integrates ensembles in time
assimilate ocean data 1 8
l assimilate atmosphere data ESMF/NUOPC coupler
post-processing MITgcm output l MITgcm—ESMF WRF-ESMF »
l post-processing WRF output interface interface \
— 4> PP S Ligem WRF
g as
time step? (ocean model) ) |(atmosphere model)
\ l YES ) ) /




Coupled DA experiments

2023 Arabian Sea Monsoon + Cyclone Biparjoy.

We used the Ensemble Adjustment Kalman Filter (EAKF) with 50 me

8 km MITgem + 16 km WREF, initialised using HYCOM and ERAS data.

Atmosphere observation data: PrepBUFR

Domain of the coupled
system

30°N

20°N

10°N AV, - ot

0° [

Atmosphere observation data

Assimilated every 3
Ocean observation data: OSTIA SST, AVISO along-track SSH, EN4 T/S protiss.

Assimilated every 6
hours.

)bservations available on 2023-Jun-01 06Z

27°N

18°N

9°N

00

9°5

45°E

60°E

* + *» = @ V¥V ¥

RADIOSONDES: T, U, V, Q (93)
AIRCRAFT: T, U, V (390)
ACARS: T, U, V (97)

MARINE: T, U, V, Q (71)

LAND: T, U, V, Q (771)
SATELLITE: U, V (1585)
GPS-RO Refractivity (0)



Preliminary results: forecasts of atmospheric states
Brier Skill Scores (BSS) compared with the free

run

Use ocean data Use atmosphere dfi4lata and ocean

138%  143%. R 1 15.5% (1.4%) |

RAOB Q - -12.4% 14.3%

ACARS V

I P ——— ) “r

27.6% (-0.3%)

|
(]

"
I i

ACARS U
Forecasts are

better if both data
are used.

RAOB V 24.3% (-2.3%)

RAOB U 33.7% (0.3%)

17.9% (4.3%)

CPL.all is not
2 2 o, a (4] 0
RAOB T 12.6% 20.5% 21.1% (0.8%) significantly better
Ocean V - -4.9% 18.1% 18.2% (0.1%) than CPL.atm.
Ocean U - -12.3% 27.5% 24.1% (-4.5%)

9.7%

Ocean T2 24.4% (16.4%)

CPL.atm

CPL.ocn

S —

|£

~0.36 —-0.24 —-0.12 0.00 0.12 024 0.36



Preliminary results: forecasts of atmospheric states
Brier Skill Scores (BSS) compared with the free

run Use atmosphere
Use ocean data fUse atmosphere dat&!@t@ and ocean
ACARS -13.8% . B 15.5% (1.4%)
ACARS U -
RAOB 24 .3% (-2.3%)
RAOB U 33.7% (0.3%) JJ | orecasts are
getting worse
RAOB G when only ocean
RAOB 21.1% (0.8%) §| data are used.
Ocean U
Ocean T2 . 9.7% 24.4% (16.4%)
CPL.atm CPL.all
— .

~0.36 —-0.24 —-0.12 0.00 0.12 024 0.36



Impact of oceanic data on atmospheric forecasts

Min pressure: 974 hPa 978 hPa 986 hPa 973 hPa
Offset: N/A 193 km

'
LR 4
..

Initial SST: 30.9 degrees 30.3 degrees 30.9 degrees

Forecast SST cooling: 0.45 degrees 0.32 degrees 1.09 degrees

SST increments: +0.01 degrees N/A +0.68 degrees
Heat loss: 147 W/m? 70 W/m? 263 W/m?

(a) observation (b) CPL.all (c) CPL.atm (d) CPL.ocn

Use atmosphere
data and ocean
data

Use atmosphere datdse ocean data

982 hPa
228 km

30.2 degrees
1.02 degrees
N/A
218 W/m?

(e) CPL.free

No data

Sun et al., Exploring air—sea interactions in a regional weakly coupled data
assimilation system: An observing system experiment for the 2023 Indian Ocean

monsoon and Cyclone Biparjoy. Submitted to JAMES.



ecco.ucsd.edu

ECCO@Scripps: Our group contributes to the development and production of regional ocean state estimation using the methodology
developed by the ECCO consortium ( ecco.jpl.nasa.gov ). The ECCO code is based on the MIT general circulation model (MITgem) and
employs automatic/algorithmic differentiation (AD) tools for generating tangent linear and adjoint code for ocean circulation and climate
studies. The goal is to produce a model-observations synthesis, with consistent dynamics and closed budgets for all tracers, to be used for
scientific analysis. We are currently working on:

Southern Ocean State Estimate California Current System Gulf of Mexico State Estimate

(SOSE) State Estimate (CASE) (GoM)
The latest product, b-SOSE, is a physical- Short- and long-term reanalyses synthesize Estimation and prediction of the loop current and
biogeochemical state estimate produced as part of observations of the California Current System. loop current eddy separation.

the SOCCOM project.
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Tropical Pacific Ocean State Northwest Pacific State Gulf of Guinea
Estimate (TPOSE) Estimate (NWPac) Biogeochemical State
Observations from the TPOS constrain 4-month State estimation and prediction in the regions of Estimate (GG)
state estimates. Palau and Northern Philippine Sea.

A modeling component of Ocean Margins
Initiative

Biogeochemical Global Ocean California Current System
State Estimate (BGOSE) Submesoscale State Estimate
A quasi-global high resolution model with sea ice (CASSE)

and Joe shelves SWOT data assimilation in a high-resolution

coastal model.

At SIO we have been considering regional
efforts targeting the mesoscale.

Hypothesis testing: Identifying model error
(e.g. internal wave momentum fluxes not represented
by KPP in the tropical Pacific)

Forecasting: Identifying timescales of controllability and
predictability at ever shorter scales with SWOT

(e.g. success assimilating dynamics down to 70 km with
31 day windows)

Observing system experiments: Identifying the value of
observations (e.g. value in assimilating ADCP, SWOT,
etc)



