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SUMMARY

(3 B 2 o B

|. Development of Oceanic Data Assimilation System for Earth System

Model Using Deep Learning

ll. Purpose and Necessity of R&D

Physical variability in polar oceans directly affects mid-latitude climate
variability and seasonal prediction skill through changes in sea ice and
atmosphere-ocean interactions. Therefore, accurate initialization of polar
ocean states is essential not only for polar regions but also for
improving seasonal climate prediction over mid-latitudes. However, due
to limited observational infrastructure in polar regions, substantial
uncertainties remain in long-term and quantitative analyses of ocean
variability. To overcome these limitations, the production of reanalysis
fields based on data assimilation that integrates observational data with
numerical models has been increasingly emphasized. While dynamic
error estimation methods such as the Ensemble Kalman Filter can
provide high accuracy, their substantial computational cost imposes
practical limitations on applications to high-resolution ocean models.
Consequently, the development of a three-dimensional ocean data
assimilation framework based on deep learning, which offers high
computational efficiency and strong capability for nonlinear learning, is
required. Such a framework is expected to contribute to improved
prediction of polar ocean and sea ice conditions as well as enhanced

seasonal prediction skill in mid-latitude regions..

[ll. Contents and Extent of R&D

This study aimed to develop a deep learning-based data assimilation
technique for global three-dimensional ocean temperature and salinity
initialization and to extend it into a form applicable to an Earth system
model (CESM2). The research was conducted in a phased manner. In

the first year, a deep learning-based ocean temperature data

_5_



assimilation method capable of accounting for observational gaps was
developed, and global ocean observational and reanalysis datasets were
collected and databaseized. In the second year, ocean salinity data
assimilation and temperature—salinity multivariate data assimilation
techniques were developed, and global ocean reanalysis fields were
produced on a pilot basis. In the third year, a three-dimensional
nudging system was constructed to link the deep learning-based
reanalysis fields with the CESM2 ocean model, and long-term global
ocean initial conditions were generated and validated. Through these
efforts, this study established a research scope encompassing global
ocean initialization technology development through application to an
Earth system model, thereby securing the potential for expansion into a

prediction system.

IV. R&D Results

This study successfully constructed an ocean initialization system
capable of generating global three-dimensional ocean temperature and
salinity reanalysis fields and initial conditions using deep learning-based
data assimilation techniques. By employing a data assimilation structure
that accounts for observational gaps, both computational efficiency and
reanalysis quality were achieved. Furthermore, the application of
multivariate data assimilation enhanced the physical consistency of
internal ocean structures. The developed reanalysis fields were extended
into a three-dimensional nudging system applicable to an Earth system
model (CESM2), and long-term global ocean initial conditions were
stably produced, thereby demonstrating the feasibility of application to

a prediction system.

V. Application Plans of R&D Results

The outcomes of this study can be utilized as fundamental data for
analyzing polar ocean and sea ice variability and for improving seasonal
prediction performance in mid-latitude regions. In particular, the deep
learning-based ocean initialization technology can be applied to the
generation of initial conditions for seasonal and medium- to long-term
climate prediction models, contributing to enhanced prediction accuracy.
In addition, the global ocean reanalysis fields produced in this study
can be extended to various fields, including ocean and climate research,
policy development, and prediction information services. Through
integration with Earth system model-based prediction systems, these

results are expected to offer substantial practical value.

_6_
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(a) Video Impainting Generator

Input video & masks

:COIIIVI Conv4 DiConvl Conv7  Convll

3D Gated Dilated 3D Gated || | Concatenated
Convolution Convolution | Feature Map

R R

-» Channel Concatenation

[
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I
|
I
1
|
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I
|
|
|
I
|
|
I
|
I
I
\

29 1. Example of video restoration using the gated convolution approach (Chang

et al, 2019). The input video and corresponding missing-information masks are
provided as inputs, and the restored video is produced through a U-Net - based

architecture.
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L= —4,|logDi¥) +log[1-B(GX) ||

= 0.0

OBS Area Global

9 2. Description of the DeepDA system and the observing system
simulation experiments(OSSEs). (a) Description of the deep-learning-based DA
system. Sea surface temperature anomalies of the (b) background states, (c)
observations, (d) analysis states, and (e) ground truth at the first DA cycle in
the OSSEs. (f) Observed-locations—averaged (left), and global-averaged (right)
RMSEs of the 5-day-averaged 0-700m temperature analysis in the DeepDA
(red); the results obtained using background values in the DeepDA (orange)
and the partial convolutional system reported in K2022 (blue) are also shown.
The prescribed RMSE of the random observational errors (i.e., 0.2) is denoted

as a black line in panel (f).
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Jan 01 - Jan 05, 1974 Temp anomaly
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2% 3. Initial adjustment of DeepDA-produced subsurface temperature
anomalies in the OSSEs. The temperature anomalies of the (a) ground
truth, (b) observations, (c) analysis, and (d) background states at 5 m
at first data assimilation cycle in the Observing System Simulation
Experiment (OSSEs). (e)-(h) same as (a)-(d), but for 105 m. (1)-(1)
same as (a)-(d), but for 198 m. (m)-(p) same as (a)-(d), but for 707m.
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19 4. Horizontal distribution of the analysis increment in the OSSEs

using the DeepDA.

_’]9_



T De
epDA A #4¢] RMSES H] i3}
= Kol A

[e]

]

3

ag
4 ARGO/TAQO &% ZZ 3} o] A]
_— ) o2 A v?%]_

[e)

=

=2
(1% 5b). DeepDA2] = =]+

i -
=
— o ! ,
il T B % = SO B o Lo
i = Ar ° <0 w0 B W R o o O
" S moe o AT w &3S =
s W Nr AF gy ° & .o oSN ~
= L T 2 o T w2 CANN o
e~ T OB X0 H T w AR Nl nHu T o oV o o B X
< % do B o o R ) o
B - o Jo M o
. A wo o oA L X oo M PG w0 o
X = ° T > M ' R0 2 B
= 5T 2 A L =n " A ! e
g} ol g X N T ﬂADJl B ATO mﬂa%.auoCMﬂ
- T X Gl oy 2 Hopw T - 2 T N o
G+ #ﬂ% % o5 - = A o o oo E A
ﬂgﬂ MOH,WT w B oy 8 g = B B @EﬂWﬂH
o _ X = — < o o — _— - =
T Lz § mUE B 8 Trzd ®f TRLTE g
pol B ol o T = a R m e o, > ,yAI N = Nfo O# °
s 7 G, ol " g4 g N b T oo o 2
= - 8 — < 8 o X ] S 4 AT — o0 nﬂﬂm g
© x B o © < T B - T E 55
o 5 EE wwa ™I R 5 2 & TEEV g3
- 5 90§ 5 ey T e § oA Time k"
- T o5 A , = A s 0 Ho Oauwue% B E R P
B GRS o S e i o) R = ° A X - < B
> G N » _Zﬂﬁrﬂ L%wuz N o _ o Ho
o W 3 7o - op = H s o AN Moo o
3 = o M = B A_uﬂoﬂ do m oo N T MQL o m
N — )=, o o o B ok mo © i ~
ol 2 = o nf B NI” o B H o BB T ©
$moe FOZ T AP S @AW T F
Ee 62 H_._ ﬂuf w ,._t J M 00 = ,lyl T s o —_— % Lﬁml B
o g - g = Mo B = = X o o .= T re e
Z = TRy Ex T ﬁga:_mﬂ@% @Hﬂ&ﬁﬂx
s = Mr o I W m o e ca (i AN " mm
- = OO Ew oo o X W oo (- ) m% ~ H.m M gk _/4\ Mrm m B = =
S o 2 2 < o Nr g el o = ¥ o B e o = M
T 35 7 oo 2 s x g T 2 %oy T B U go RO
e R %@%%?Mﬂmﬂakﬁiﬂm%}hm _WUE%VE%»
= —_— — ! vy jm} 0 / —_ — N ~
m“ %QWXLID,%ﬂszM%XWQWWWLHWEOM m%iﬂoﬂmwﬂ&
ﬂ.ﬁwﬂ%ﬂiﬁ@ AJE%M%%HQ 5 =Elegx 4
ooz oW ™ H How oL ow L oA ool < X = g @ = a = o) T
.A B ‘mW Q \ml x° ° =< _én o N O#U A Lf n,u.“ ‘ﬁ O ~ y = . o
o ﬂ%w%w%&mﬁwwﬂn&dmﬁé xos\waﬂwﬁ%%
WA qegmﬁne%é PL &g
Bom A &y h
ce S B N g )s s
oo 3o 9 E O
T2 5 x

2~ "l
=

R4

CESM<& A&

oA w7 _
AR Dee
At ILH
- 20 -

o] o
A=



(a) Annual-mean SST Ref: ERSSTV5 [81-20]  (b) Taylor Diagram (e) Seasonal cycle of SST (JJA-DJF)

b‘__m Bl e 280285, . DeepDA
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(c) Annual-mean T300 Ref: RG ARGO [04-18]  (d) Taylor Diagram (g) Seasonal cycle of T300 (JA-DJF) (h) Taylor Diagram - ECDAVZ.O0
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19 6. Climatological fields of the DeepDA reanalysis. Annual-mean (a) SST,
and (c) vertically-averaged temperature from 0 to 300 m (T300) of the
DeepDA  (contour) and its bias (shading) from ERSST V5, and
Roemmich—-Gilson Argo climatology during 1994-2018, respectively. Taylor
diagram of the annual-mean (b) SST, and (d) T300 climatology during
1994-2018 for DeepDA and various oceanic reanalysis products. Difference in
the climatological (e) SST, and (g) T300 between JJA and DJF seasons
during 1994-2018, and the corresponding Taylor diagram for the seasonal
climatology difference in (f) SST, and (h) T300 for the DeepDA and various
other oceanic reanalysis products. Note that, due to the relative short
integration period, a period for calculating the climatology in GECCOZ2, ECCO
vdr4, and SODA v3.4.2 is 1994-2016, and 1994-2017, and 1994-2017,

respectively.
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19 7. Interannual variations simulated in the DeepDA. (a) Temporal
correlation coefficients of the monthly SST anomalies between the
DeepDA and the ERSST V5 during 1981-2020. The first Empirical
Orthogonal (EOF) eigen-vector of the monthly SST
anomalies in (b) ERSST V5, and (¢) DeepDA. Note that the EOF is

performed for each ocean basins, then merged into a global map, and

Function

the percentage denotedin each ocean basin indicates an explained
variance of the first EOF. (d)-(f) Same as (a)-(c), but for T300
anomalies with EN4.2.2 as a reference dataset. Hovmuller diagram of
the 5-day-averaged T300 anomalies at the equator in (g) DeepDA,
(h) EN4.2.2, and (i) ARMOR3D from 1981 to 2020.
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Correlation with ERSSTv5
(a) ORAS5 (b) COBE (c) ECCOv4r4
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(g) GODAS

1% 8. Correlation skill of SST anomalies in various oceanic reanalysis
products. Temporal anomaly correlation coefficients of the monthly SST
anomalies between the ERSST V5 and (a) ORAS5, (b) COBE, (¢c) ECCO

vadr4, (d) ECDA v2, (e) GECCO2, (f) OSTIA, (g) GODAS, (h) MERRA2, or
(i) SODA v3.4.2 during 1981-2020.
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Correlation with EN4.2.2
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29 9. Correlation skill of T300 anomalies in various oceanic reanalysis products.
Temporal anomaly correlation coefficients of the monthly T300 anomalies between
the EN4.2.2 and (a) ORAS5, (b) ECCO v4r4, (c) ECDA v2, (d) GECCO2, (e)
GODAS, or (f) SODA v3.4.2 during 1981-2020.
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Input : anomaly
Output : anomaly
[64,16]

deliated1
[3,3,3],d=(2,2,2)

dilated2
[3,3,3], d=(2,4,4)

[2,16] [16,32] [32.64] [64,64)
conv1 conv2 conv3 conv4
[3,5,5] [3,4,4] [3.4,4] [3,3,3]

T T

[64,64)

dilated3
[3,3,3], d=(2,8,8)

dilated4
[3,3,3], d=(2,16,16)

i 1 Downsample module

v +
[6473,64] [64,16] [16+2,16] [16,8] 8,1] — stride=(1,1,1)
deconv convé deconv conv7 convs — sideEiliza)
[3,3,3] [3,3,3] [3,3,3] [3,3,3] [3,3,3] --» concat

Upsample module

19 10. Architecture of the downsample and upsample modules
used for processing masked salinity data. The downsample module
reduces the dimensionality through a series of convolutional and
dilated convolution layers. The upsample module then restores the
data back to its original resolution using deconvolution and
convolution layers. Solid arrows represent different strides used in
the convolution layers, while dashed arrows indicate concatenation
operations. The input and output of the entire process are salinity
anomaly fields.

_28_



by
>
ol
&
i
rr
)

g1 Ao 2% (MSE, Mean Squared Error) loss& AF-g&3}e] Rl
of| Sk} AAGE Atole] A& 54’\1@}0}:% g3t
o]7F 105m¢} 305m=

Astde FAL 5

N

N

d
J

5 7S dlolH o] B0 = Qe Partial BHe] A 5ol
Ae (g 11). 29 11 5 49 ZdAAsF Aol(Gated -
Partia) & A3 H W, Zo]7} ZojdA4% GATED X 9o| Partial =2yt 4 o £
S A%S BHY. 53] 305m ZololMiE GATED Zdo] Autxoz ¢ yd A7
1= om, ol 5 dolErt 53 oA GATED =24 wolg A+

= AAREE BS dHolgrE A or FRE &2 S Wt o}
o

& 718 Zo|A %= GATED Edo] ¢ ¢tAH Aol daAdE A

912 & Y 98 Az E3 2doga] w3 gjgHo] GATEDS PARTIAL =
de] RMSE #xo "= 9FS vug A4, 1% 12a= GATED =
PARTIAL =4 %}¢] RMSE =zto]& uye{. ey 99 GATED =EHo
PARTIAL Edof H]3] RMSEZF ¢ w2 A9, wita o§9e PARTIAL %
0 U A5S Hol= A9s e 53], #F AHol fle A9 (F, #5 4=t
SAY AE gle X 3)elA GATED E9lo] PARTIAL =dlHt ¢ w2 RMSEE
Hol O Y42 Aes Holil 55 & + A+ o A3+ GATED Edo] #=o]
gls o o a4 or FE AxE AT S dns 27 12b = 1¥12a
of #ZHAE e el
29 12 22 GATEDS PARTIAL 229 RMSE S 4 %(120°Eel A 240°E)
W2 gHyrsle] vt 9. #E Wy we oA GATED 9o RMSEZ}
PARTIAL 4Rt} o @A yelgs pito] 32d. 53] 4% 180°E A9 #3t
oA F Ed 7+ RMSE zbol7F F=ed. B3 X7 vbd g Solx=( 29 12d), &
= Uerh o9 ge Kool GATED Edo] PARTIAL Edo vg] of U2 A5
o o ]o.

>4
rot
d

Hels g+ 9l

Mask7} W el = GATED REdo] #=o] AAY gl AFelM ¥ &
RMSEE fAst& o]+, Gated Convolution®] ©@<=d] A @A 92| o]FE3k] &
A, B AFEE Ve s ARE Ay Wiy

o] AMdL, GATED =9 /‘é%— zlol 7} EA o] A Qolo] ofd mdlo] 1
oAU S o8 FEEYE AS o Fh =, gating valuex ¥ A E =] wet
b HAdol FavE xdstH, olm & #F dnvl v AdelMn did He
Fgol bt ol F
Ayt or GATED Edo] @5 Al#est AR A WAl os deo] 2A4dn
= e o] AE2 s

_29_



OSSE Correlation: GATED Model vs CESM2 Test Set (1974-2014) by Depth

Gated & label Gated-Partial

3 -0.27 -0.18 -0.09 060 008 018 027
Correlation Correlation Difference

2% 11. OSSE((Observing System Simulation Experiment) correlation.
Left (Gated Correlation): The left column shows the correlation values
between the Gated model and the reference data at three different
depths (bm, 105m, 305m). The color scale represents the correlation
values. Middle (Partial Correlation): The middle column displays the
correlation values for the Partial model at the same three depths (5m,
105m, 305m). Right (Difference: Gated - Partial Correlation): The right
column illustrates the difference in correlation between the Gated and
Partial models. Red areas indicate that the Gated model has a higher
correlation (better performance), while blue areas show that the Partial
model performs better (higher correlation).
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Impact of Mask Pattern on RMSE: GATED vs. PARTIAL Models

= {a) RMSE Difference: Gated - Partial

Y

- (b} RMSE Difference: Gated - Partial{flip)

_;.3*

0 - 0+
120°E 1B0°E 240°E 120°E 180°E

-01s —a.10 -8 800 605 [EY] 018
RMSE Difference

(c) RMSE: Gated vs Partial ik (d) RMSE: Gated vs Partial (flip)

0.0

120 140 180 180 o0 20 240 0 pls) a0 &0 B0 100 120
Longltude Lengitude

a9y 12 (a) RMSE Difference: Gated - Partial This subplot
illustrates the spatial distribution of RMSE differences between the
GATED and PARTIAL models. The color shading represents the
difference in RMSE value. The red dots show the locations where
observations are available. (b) RMSE Difference: Gated - Partial(flip)
This subplot shows the RMSE differences between the GATED and
PARTIAL(flip) models. In this case, the PARTIAL(flip) model uses the
inverse of the observation mask from (a), meaning the locations with
observational data are flipped. (¢) Longitude-Averaged RMSE: Gated
vs Partial This plot shows the longitude-averaged RMSE values for
the GATED model (red line) and the PARTIAL model (blue line). The
x-axis represents the range of longitudes, and the y-axis shows the
RMSE values averaged across longitudes. These values correspond to
the regions shown in subplot (a), (d) Longitude-Averaged RMSE:
Gated vs Partial(flip) This plot is similar to (c) but corresponds to the
flipped observation regions shown in (b).
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DeepDA vs EN4.2.2: NINO3.4 and North Atlantic Salinity Comparison

NINO3.4 Time Series

0.2
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0.0 4
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£
& -02
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—0.4{ —=- NINO3.4 (DeepDA)
—— NINO3.4 (EN4.2.2)
-0.5 T r r r r
2000 2005 2010 2015 2020
North Atlantic 0-300m Time Series
0.125 4 ——- North Atlantic (DeepDA) ‘
—_— 1)
0.100 4 North Atlantic (EN4.2.2) "'.
\
0.075 4 1
0.050 1
0.025 4
0.000
—0.025 1
—0.050 1

T T T T T
2000 2005 2010 2015 2020

2% 13, Time series comparison of salinity between
GatedDA_sal and EN4.2.2 datasets. The top panel shows the
NINO3.4 region’s(bm) salinity, and the bottom panel represents
the North Atlantic (0-300m mean) salinity. The dashed red line
corresponds to the GatedDA_sal dataset, and the solid black line
corresponds to the EN4.2.2 dataset.

_32_



13132 NINO34 A9 ( 23 13 A did)y SdiAYg 0-300
@ sfd)o A GatedDA_Salet EN4.2.2 dlelgAle] dE AALEES Hlagk 39l
GatedDA_Sal A|=€12 A A5 A5 HADIOD HolHE 9o
TS AAsEen, olE  EN422¢9 Husd . WA HJde
GatedDA_Sal(Data Assimilation, 28 §3}) ZA3E, A4 A4 EN42.2 deolH Al
(=5 AEA A5)S e,

NINO34 #1942 dYx(El Nino)E EUHHS=H Ta3 9ds & dyxs o
A9 e 257 dsete dFe®, A AAAL 7S Wl

b S A 2 AMOC(H A %F A9 vbd =3k Atlantic Meridional Overturning
Circulation)? U3t A #dE AJo=z HAge] d& 2 =% ¥s= AMOCS
et MEAs e T8 A x4
AMOCE= A AT4 & =3 Al=goA 3422
o] . wEbA, NINO34¢h EujiA kel i Al
AMOC W&o gk olsl & =ol+=

T odlelgAlS Bl B, NINO34 A ol AollA vehd & d& i Hoix e
Aol o] ME 22 Fo oMEA GatedDA_Sal7} EN4.22° & Ws} sid

o

3 278 % ARSD Qe HAT F AL

=
B
12
I
uic)
\®)
w
ol
o

rlu
2
o
ftlo
=)
&

o

T
GatedDA_Sal®] 7= %i} HAol AEAoldse oud 53 F A
do] Z dAFT= A2 GatedDA_Sal Al=dlo] #= HolHE &34
1, 8% AEE F ATARSES WA
ol¥3 At GatedDA Sal AR Fo]l FF #Hetd A7 B ThFF Sl Yol
ARG £ A ARYS A E
whebA, GatedDA_Sali= EN4229% nuge o ooz deds A8 A= &
3 Alxc"lo g HrulE £ 9L
&3k 9 RMSE(O-A)7F w7 el el RMSE(O-B)XE
MR Jod 7INk 3k Sk AR AR T3 AlsHe

aHor S (T 14)

- 4
oy
k>
rol
M
rlo
re
re
-]
2
>

_33_



Global RMSE

—— RMSE(0-A)
—— RMSE(O-B)
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RMSE

19 14. Global, depth - dependent O - B and
O - A statistics of observations (HadIOD) used
in deep—learning—based three—dimensional
ocean salinity data assimilation (1981 - 2020).
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e DA cytle

Encoder
| G3Dblock x4 | GIDDIGIDaGID bck
¥ :
| DiltatedG3Dblock x 3 | C“""‘g;’gii“’""f C"”"m‘“’“’/
Decoder : ; * L +§ELU
,-I GaDblock l Leaky RELU Sigmoid eaky
x2 ¥ : i 3
"‘i DeG3Dblock ! element-wise product element-wise product
¥ ! —
| G3Dblock x 2 | HEAD 1 & Feature, ,, .00 Gating o,

19 15. Schematic diagram of the proposed deep learning - based multivariate data
assimilation framework. The model simultaneously assimilates ocean temperature
and salinity by encoding background and observation fields together with their
corresponding gating values (confidence information). Multiple encoders project the
inputs into a shared latent space, followed by a decoder and a dual-head module
that separately estimates the analysis increments and gating-related outputs. Skip
connections are used to preserve multiscale features, and the data assimilation (DA)
cycle i1s implemented by feeding the analysis results back as background fields for
the next assimilation step.
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Experimental Design

?ESM2 )—LE Horizontal : Global
. 360x180

Data Domain Vertical : (37 lev, 0~700m)
Period : 1985.01-2014.12

- 5-day mean Temperature, 5-day
Variable mean Salinity

Assimilation Frequency Pentad (5-day)

3 1. Summary of the experimental design and CESM2-LE data configuration used
for the multivariate data assimilation experiments
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(a) ARMSE & RMSE Improvement (b) Zonal mean RMSE Improvement (%)
0 i

‘ —
N 4 7
E
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[a]
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300 - Latitude
E M ; T
E -30 —20 =10 o 10 20 30
§ RMSE Improvement (%)
O 400 4
(c) RMSE Improvement by |corr(T.S)|
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700 4 o
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. . . . . . =
R T T Global Low (|r|<0.3)  Mid (0.3<|r|<0.6)  High (|r|=0.6)

ARMSE (noT—withT)

19 16. Salinity RMSE improvement due to assimilating temperature observations in a
multivariate data assimilation framework, shown as (a) vertical profiles, (b) zonal-mean
latitude - depth structure, and (c¢) dependence on temperature - salinity correlation strength.
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FE 60°E 120°E 1B0O* 120°W 6O W

0.000 0,045 0.090 0135 0.180 0225 0.270

0%

Gating Uncertainty

9%0°5

T T T T T T T T T T T
[ 6°F  120°F BOC LW 60W oE BOF 120°E B LOW  60W
DO20 0032 G044 0OS6  COG8 0080 DQ92 0.00500 001025 001550 0.02075 0.02600 003125 003650

2% 17. Validation of gating values as an uncertainty metric using OSSE
experiments. Spatial distributions of RMSE (top) and time-mean gating-based
uncertainty (bottom) are shown for temperature (left) and salinity (right). Pattern
correlation coefficients between RMSE and gating uncertainty are 0.71 for
temperature and 0.65 for salinity, indicating strong spatial consistency. Regions with
larger RMSE tend to exhibit higher gating uncertainty, demonstrating that the
learned gating values effectively represent analysis uncertainty.
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Experimental Design

Data Domain Horizontal : Global (360x180,Global)
Vertical : (37 lev, 0-700m)
1995.01-2024.12 (1-yr spin-up time)

Variable 5-day mean Oceanic Temperature,
5-day mean Oceanic Salinity

Assimilation Frequency Pentad (5-day)
Oceanic TOGA/TAO moored buoy
In—situ observation ARGO float
CMEMS drifting buoy
Bathythermograph,

Expendable bathythermograph
Digital bathythermograph
CTD, expendable CTD
Merchant ship

Ocean station vessel
Coastal/island station

SST observation OISST V2

Initial Condition Arbitrary selected from CESMZ2 LE

¥ 2. Observational datasets and data configuration for real-observation-based
multivariate ocean data assimilation. The assimilation was conducted over the
global ocean domain with a horizontal resolution of 360 x 180 and 37 vertical
levels from the surface to 700 m, covering the period January 1995 to December
2024 with a one-year spin—up. Five-day mean oceanic temperature and salinity
were assimilated at a pentad (5-day) frequency. In-situ observations include
TOGA/TAO moored buoys, ARGO floats, CMEMS drifting buoys,
bathythermographs (BT, XBT, DBT), CTD and expendable CTD measurements,
merchant ships, ocean station vessels, and coastal/island stations. Sea surface
temperature observations were obtained from OISST vZ2. Initial conditions were
selected from the CESMZ2 Large Ensemble.
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Temperature

Salinity
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13 18. Relationship between the number of HadIlOD observations and
Results are shown for (left)

uncertainty estimated from gating values.

temperature and (right) salinity. The black line represents the observation
count, while the blue and red lines denote uncertainty metrics derived from
the gating values. A clear inverse relationship is observed, with uncertainty
increases, indicating that the

decreasing as the number of observations

gating values appropriately capture observation—dependent uncertainty
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Temperature (5-300m Mean)

(i3 B0°E 1E 8"

045 -0 -015 000 01 830
Correlation gifference A7 [DeepDA - MME)

1% 19. Performance

evaluation of temperature

(b) Temperature 5-300m

(c) Temperature 5-700m

1996 2001 ZO‘Uﬁ 2011 2016 2021

{f) Salinity 5-300m

1996 2001 2006 2011 2016 2021
{g) Salinity 5-700m
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0.000
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—— MME Others
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and

salinity

1996 2001 2006 2011 2016 2021

analyses

real-observation data assimilation. (a, d) Spatial distribution of correlation differences (Ar)
between GatedDA and the multi-model ensemble (MME) with respect to EN4.2.2 for (a)
temperature and (d) salinity, averaged over the 5-300 m depth range. Positive values
indicate higher correlation of GatedDA with EN4.2.2 than MME. (b, ¢) Global mean time
series of temperature anomalies averaged over the (b) 5-300 m and (c) 5-700 m depth
ranges. (f, g) Same as (b, ¢) but for salinity. Red, black, and blue lines denote GatedDA,
EN4.2.2, and MME_Others, respectively. GatedDA shows closer agreement with EN4.2.2 and
more stable long—term variability, with particularly pronounced improvements for salinity.
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(a)5m-EN4

(b) 5 m - Mme others

P e,
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W DeepDA

19 20. EOF analysis

-06

T T
-02 0.0

T T
02 04

of ocean temperature based on real-observation data

assimilation. (a - ¢) Spatial patterns of the first EOF mode of temperature at 5 m depth
derived from (a) EN4.2.2, (b) MME_Others, and (c) GatedDA.(d) Regional principal
component (PC) correlation coefficients between each dataset and EN4.2.2 for the 5 m

temperature field. (e - g) Same as (a-c¢) but for vertically averaged temperature over
the upper 300 m (HC300).(h) Same as (d) but for HC300. GatedDA exhibits spatial
patterns more consistent with EN4.2.2 than the multi-model ensemble, along with

higher PC correlations across most ocean basins, indicating improved representation of

dominant temperature variability.
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(b) 5 m - MME others (c) 5 m - DeepDA - (d) 5 m - PC correlation
; e R, ) - e 7| —CMEMS
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(f) 5-300 m Mean - MME others (h) 5-300 m Mean - PC correlation
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19 21. EOF analysis of ocean salinity based on real-observation data assimilation.
(a-c) Spatial patterns of the first EOF mode of salinity at 5 m depth derived from (a)
EN4.2.2, (b) MME_Others, and (c) GatedDA. (d) Regional principal component (PC)
correlation coefficients between each dataset and EN4.2.2 for the 5 m salinity field.

(e - g) Same as (a-c) but for vertically averaged salinity over the upper 300 m (HC300).
(h) Same as (d) but for HC300. GatedDA shows substantially improved agreement with
EN4.2.2 compared to the multi-model ensemble, particularly in regions with strong
salinity variability, as evidenced by more coherent EOF spatial patterns and higher PC
correlations across most ocean basins.
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(a) Temperature RMSE (b) Salinity RMSE
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19 22. vertical profiles of RMSE for ocean temperature
and salinity with respect to HadlOD in-situ observations.
RMSEs are computed over the period 1996 - 2023 after a
one-year spin—up. Red lines denote analysis RMSE, while
black lines indicate background RMSE, both evaluated at
observation locations. Results are shown for (a)
temperature and (b) salinity. Reduced RMSE in the
analysis compared to the background demonstrates the

effective assimilation of observational information.
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a) CESM2_output
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1% 23. Comparison of sea surface temperature (SST) fields between
CESM2 output and the nudging
learning-based data assimilation system.

deep learning analysis output (c) difference field between (a) and (b),
confirming the consistency of spatial patterns (d) final step nudging

input.
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b} Nudging_input
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1% 24. Monthly mean temperature differences at 5m depth (lev=bm) for
April 2017. (a) Difference between the nudging experiment and the
GatedDA-based nudging input (b) udging experiment minus control
experiment.Monthly mean temperature differences at approximately 55 meters
depth (lev=55m) for April 2017. (c)Nudging experiment minus GatedDA-based
nudging input. (d)Nudging experiment minus control experiment.system at
deeper levels.
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a) Nudg Exp. minus Nudg_in °c b) Nudg Exp. CTL EXP. %
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19 25. Monthly mean temperature difference between nudging experiment
and nudging input in April 2017 at ocean with a reduced nudging time scale
(12 hours). (a)Nudging experiment minus GatedDA-based nudging input.
(b)Nudging experiment minus control experiment. (c)Nudging experiment
minus GatedDA-based nudging input at 105m depth. (d)Nudging experiment
minus control experiment at 105m depth.
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