Atmosphere. Korean Meteorological Society M A

Vol. 35, No. 4 (2025) pp. 585-603 Review
https://doi.org/10.14191/Atmos.2025.35.4.585 (Review)
pISSN 1598-3560  eISSN 2288-3266

02.'.'

Al 7IEEEXIT J|E SEY @ oS AR Y S

TS - gRa? - 2M8® - oy - yuR) - =sWY -
YABN - ZMRY - e - o) - o]y - HFEP

D) ) S 7370 2 A A, 24 20 Bk S oh) 39k o,
Do 29 A RANDTL, Y4 Su ki A &7 A A

(379 20254 89 179, A1 2025 102 272, A EEL: 20259 112 39)

Recent Advances in Al-based Global Climate Modeling and Forecasting

Hyun-Su Jo", Yoo-Geun Ham?>*, Seol-Hee Oh3), Jeong-Gil Lee", Min-Gyu Seongl), Dongjin Cho",

Somin Lim", Seon-Yu Kang", Suyeon Jeong”, Hyun-Jeong Lee", Subin Lee”, and Gyuhui Kwon

U Environmental Planning Institute, Seoul National University, Seoul, Korea
Y Department of Environmental Management, Graduate School of Environmental Studies,
Seoul National University, Seoul, Korea
Y Information & Electronics Research Institute, Korea Advanced Institute of Science and Technology,
Daejeon, Korea
? Institute for Sustainable Development, Seoul National University, Seoul, Korea

(Manuscript received 17 August 2025; revised 27 October 2025; accepted 3 November 2025)

Abstract Recent advances in artificial intelligence (Al) technologies are broadly integrated
across all stages of climate prediction systems, driving significant innovations. Deep learning-
based weather prediction models are rapidly progressing worldwide, demonstrating perfor-
mance surpassing that of traditional numerical model-based integrated forecasting systems. In
ocean modeling, deep learning simultaneously learns local detailed structures and global ocean
configurations, precisely simulating complex ocean dynamics from mesoscale eddies to exten-
sive current patterns, thereby substantially enhancing prediction ability. For land surface model-
ing, deep learning adopts hybrid forms combined with physics-based approaches to more
accurately reproduce intricate land responses, with the integration of vegetation water stress
modules enabling realistic depictions of land-atmosphere interactions. In data assimilation, Al
contributions are prominent, where deep learning methods utilizing automatic differentiation,
diffusion models, and image restoration techniques offer superior computational efficiency and
expressiveness compared to conventional data assimilation approaches. Recent technologies like
Variational AutoEncoders and Score-based Diffusion effectively incorporate high-dimensional
nonlinear characteristics, continuously improving ocean and atmospheric initial field perfor-
mance. Various deep learning methods exhibit potential for high-resolution enhancement of cli-
mate prediction outputs, while deep learning-based generative models are primarily employed
for post-processing techniques to correct model biases. Beyond technical advances, Al-based
technologies provide a strategic pathway toward operational implementation and climate ser-
vices, enhancing both forecast accuracy and computational efficiency. Collectively, these devel-
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opments point toward an integrated, next-generation climate prediction framework that bridges
physical modeling, data-driven methods, and practical applications.

Key words: Al-based global weather forecasting, Al-based data assimilation, Al-based post-
processing, Al-based super-resolution, Al-based carbon cycle
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Table 1. Characteristics of Al-based atmospheric forecast models.
GraphCast Pangu-Weather FuXi GenCast
Architecture GNN 3DEST U-transformer Diffusion,
Graph-transformer
Horizontal resolution 0.25° 0.25° 0.25° 0.25°
Vertical resolution 37 13 13 13
Time interval 6-hour 6-hour 6-hour 12-hour
T2m, U10, V10, T2m, U10, V10,
Variables MSLP, Total T2m, U10, V10, T2m, U10, V10, MSLP, Total
precipitation, T, U, V, MSLP, T,U,V,Z,Q MSLP, T,U,V,Z RH precipitation, SST, T,
Z’Q’W U,V,Z,Q,W
Inference time ~1 min / 10 days 1.4s / 24 hours - 8 min / 15 days
Inference hardware TPU v4 V100 GPU A100 GPU TPU v5

Reference Bi et al. (2023)

Lam et al. (2023)

Chen et al. (2023) Price et al. (2025)
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Table 2. RMSE of Z500 are evaluated for the year 2020
against ERAS. The values are adopted from WeatherBench
2, with the bold numbers indicating the lowest RMSE.

Lead days 1 3 5 7 10

EE ER RS R D

GraphCast 39 124 274 467 731
Pangu-Weather 44 133 294 501 778

FuXi 40 125 277 433 631
GenCast 39 123 262 420 606
IFS 42 135 304 521 801
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Time

Fig. 1. Schematic diagram of the GenCast model based on a
diffusion model for probabilistic forecasting. The blue boxes
illustrate the denoising process from the initial noise (Zg),
conditioned on the input fields (X' and X°) at 12-hour
intervals. This process utilizes a neural network (ry).
Adopted from Fig. 1. in Price et al. (2025).
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Table 3. Key characteristics of the XiHe and WenHai global ocean deep learning prediction models.

XiHe WenHai
Architecture Patch-Transformer Swin-Transformer
Forecast 60 days (non-autoregressive) 5 days (autoregressive)

Horizontal resolution

1/12° (1,442 x 206)

1/12° (1,442 % 1,206)

Vertical resolution

23 levels (~5,500 m)

23 levels (~643 m)

Time interval 1 day 1 day
Variables T, S, U/V current, SSH, SST, T, S, U/V cu-rrent, U10, V10
Wind stress, Heat flux T2m, 2m dewpoint temperature, SLP
Train data GLORYSI12, ERAS, OSTIA GLORYSI12, ERAS
Reference Wang et al. (2024) Cui et al. (2025)

Patch Partition

Input variables
GLORYS2 dataset: Temperatuere, Salinity,
o, vo with 23 layers, SSH
ERAS dataset: UI0,V10 OSTIA dataset: SST
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Fig. 2. Schematic diagram of the XiHe model architecture. The Ocean-Specific Transformer effectively learns ocean-dynamics-
specific representations by incorporating regional and global SIE modules along with ocean-land masking. Adopted from Fig. 1

in Wang et al. (2024).
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Fig. 3. Schematic diagram of the GLEAM4 model
architecture. GLEAM4 estimates evapotranspiration by
sequentially applying modules for precipitation interception,
potential evapotranspiration, soil moisture, and evaporative
stress. The evaporative stress is derived using a hybrid
approach based on machine learning trained on eddy
covariance and sap flow observations. Adopted from Fig. 1
in Miralles et al. (2025).
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QAT AR e - ol@A o4l -

ot

591

22 Al 7|8 HX|T x2S 7Y

221 A% ¥t 4295 4E¢ 52 944 /)
g REES

ede 249 s
o Ut AAE, A5
AV A S el A7e Aeshe
=, A% v2g B89 g

A = 7K HEW
WA AF2 53k §

o

o

g &8 S HAstel ek =
g Ak 58202 FYditt o= HEFHA 47}
o WHE AEEADVAR) =2 A4t HIES Fo
2 vg el HA S aFfFoeR ke A
245 Foh

4 571 dE AEHe AT vES o8] HA
13 T d(tangent linear model, TLM)3} Htrdl
(adjoint model) 7]RF A= AXEE 3 3= 4DVAR
AAE 7N ch(Hatfield et al., 2021). ©]& ZA| 7
A 7 =8 23} dlEdelgl 285
=8 2stel Assste] 5% 7FeAs dsdh
zgx 5y A8 A4 AEE AF R 76 AE
et vk RdlS 883 4DVAR ASFHE ©
HIHAE g8 Al2glo] A8ate], dF2 AEFs)
e w2 A £2o) =2 Hwe ENAS A
I TH(Fablet et al., 2021).

5 714 HE5A 3DVAR AEEsE UiA
e 9ed 71 AEEst Zydea] Al-Vars
Aot th(Keller and Potthast, 2024). ©] AN E= |
A AAES &85l 3DVARS H|E3-E &4
SR Agostal, #SEH MAATE YYoE AL
ot EAEE AH FAHe AR =S (self-
supervised learning) 7XE FITh o= A=dF
I gy A4S HAASRE AlFsiA ZaL HA s
£ EE5M, 59 FF A A 7 AT &
e @A o E BAGL o]£4< Haid 7iuk |

[e)
QAT 2H oS Ao &ds] 2855 St

J3}H 8l e] FengWu-4DVARE A%5% 4DVAR
£ fAE AFs vEg H8 g HA e
dol| A8l AE5FsE 7, FoAE Ul =
7] 273 A& 3%g I HTH(Fig. 4). =4
A Jed 7k A7 I oS AlZ=ER] FuXi
39 (Chen et al., 2023)°ll & 713t AEF 3} AA
Z 7N tHFuXi-En4DVAR; Li et al., 2024). A
FengWu-4DVARS} 5d3tA s viS #HA 3t &
Al g ek Ee)] A8st] AEFsHE TSN,
°olE B3, =2 HYgxo ENAH o5 A A
=3t

222 €39 I 7Y 71N AETH
)

ged af 1ee
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M] Ml

Fieldatt=1, Fieldatt=t,+ IH

Fieldatt=1,+2H

A R Eat I s

Field at t=1,+3H Field at t=t, + 4H

Fieldat t=1t,+ SH

Updated Field att=t, Mx

(b2
= Error at Error at Error at Error at
‘mealt-to t=to+lHl (t=t0+2H t=to+3Hw t=1ty+5H
1 1 1 1 !
Increment at Increment at Increment at Increment at Increment at | Increment at
t =t t=1y+1H t=1ty+2H =ty +3H t=1ty+4H | t=ty+5H
L-BFGS M, M, M, M,

M, : 1-hour FengWu forecast model
M3 : 3-hour FengWu forecast model

M, : 1-hour FengWu adjoint model, implemented by auto-differentiation

M,: 3-hour FengWu adjoint model, implemented by auto-differentiation

Fig. 4. Schematic diagram of implementing 4DVar on the FengWu forecasting model (corresponding to one step optimization
at time ¢ = #). The temporal aggregation strategy is represented by M3 and M5 in the figure, enabling more direct and
efficient propagation of gradients. The auto-differentiation strategy is represented by M, and M in the figure and is
automatically implemented by PyTorch, requiring no manual code writing. Adopted from Fig. 2 in Xiao et al. (2023).

W BAe SR YR o RS, %
Q JIHoegE WE QE 23T (variational auto
encoder, VAE), 5= 714t &H:k(score-based diffusion),
T2 F/der 719k o|m]R] E-¢(image inpainting) 5©]
ATh VAEE A wl737dS A FA 7 (latent
space) &2 YF3 5HE FE8L, #5 AEE 7
A FrA FEe § EAES 5A3TE (Mack et
al., 2020; Peyron et al., 2021; Melinc and Zaplotnik,
2024). o= Azt BEE A4k ¥E§S Foln A
9 dlolEle] 8 dEe g = {Xgth HF
A5 FstllM HA 7] FEe AfyFE ALk Bl
< Fol7] 918l theFek el 7o) AEE Ak
o] eap FwAt AE S o] gske WA Ak
SEAIRE 7H-AIQF 7H ol Z1RkeE Y 2ALE FEl )
olEl9] &g XdHIE ME AEFset 2] VAE
= BT H7ReARE B HAPAE S B 2
AbeE = doke Zhslo] Sl

gk A 71 S BaS 489 A5 AT
gtatA F =L ok o= VAE 7IRF A
s F8l AEHe 2d3Ee] 8o 448Y

o

#1354 43 (2025)

)4 4173 W (generative adversarial network, GAN)
ot} gt mdl Fof thE AANE Held 7l H
& drh= dAE sldshr] 918 e R delA 3l
th(Pandey et al., 2022). g4t g Qg 2g= A
T B2E 2= &5 I (noising process)S 7
T2 deez e & o duHerly 21 ¢
T FHE MR e &A% E Bl e
AR R AAsHHA dH A8e] &F #EE A
gt g mEs AMEE AES A WHolth(Ho
et al., 2020). 7] 2lolF e AFEHNME score-
based data assimilation (SDA) 2= ©1&<] d4 &4t
g 7)9e] A55sh A 2"g JHEEFATHRozet and
Louppe, 2023). Lorenz 293} Navier-Stokes 7]%F &
F RdS o] &dt] AR g mEg 53 H, 5
E A BF AFE T3 o #F FR o
g 245 A s VMo R s &Y e
Aeste] A= AR FE EI7HA Histsk= 4
IE e oz AgsslE T3tk NVIDIA
SDAE V3PE 717 ol A &ate] w5 EE
5 ARE FEeRA O 835 A

el e

)
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T} (Manshausen et al., 2024). S
X}E«] Hgo] =4 H]"]H"ﬂ 1

< HESAL, 59 ‘:]'“4‘1* EAdE ‘i}
Btk S mdle FARA v W

differential equation)ol] 7|9+ Fof % /E}E Z71%9
st 7hssithe el Aklste] EA = 2ARIAA
Uk S5 YFE AT H S (ensemble spread)E HE
0}'* Z7174 AR E A7 e WA v 9
JE tHstale SDAS ol&st Tt ok qtR
(eddy-resolving scale) ¥% Y 2714S FH37]
el = Y A ARE D8t 4 7]
WY A5 ARE S3lete Al&H(GenDA)YS N
B tH(Martin et al., 2025). o] AT E A5 =
E53F <l #A WAPH (optimal interpolation)©|
37 719k defd =4l Hls] SDAC] 5ol -3
< Bavh it mdg o]l &3k A5t 9 VAE
A dleole o] Hish H]ﬂ-"r"]?l X g oAAPA
< e g o, # “*LXV} JEJ_/F;‘S—]I?_]_ AF
Atg-ssiet g 245 Xé T 7 e dE
o] #Z A glolw A5 @EE w7 7ol Rk

=

)

o]
PR

- )

AS AAE T 719 onR] 54 7S 4
= dlolEE ZH FF ﬁﬁ—% Fedair, A5
frE G99 83U A5 ool wek JE vk
F& 2-d3HLiu et al., 2018 Yu et al., 2019). ™
E 7o g2E BE A F(partial convolution)z} 7']]
o]

E 343 (gated convolution)©] STt 5 71%

T8 AEE H2 dEES o] 83 CMIPS (Coupled
Model Intercomparlson Project Phase 5) HI°|HE &
&, ASEHA] G A4S Y9 HAF sFH &

=R 1__l
£ B th(Kadow et al., 2020). o] 2= W7t
Bzro 2 234

Al71¢] B HolHE &g &
gl 553t a5 JSAT Aetidha g
g AR 1"%1"?— P 7 ouA] B 7=
I GAN Edg 83 A3 ALERK(time-forward
operator)E T3t 33+ %_X]"? g 2= AwA
o] 7hsdt AEE3t A2HS JHEFth(Ham et al,
2024). o|v|A] E9 7|0 &8 iR St to]
E7F 8753, Sk dlolElel tidk o]E%=r} Asith
= T’_AX‘]O] 1]] E]]O]Ei/] %a]?ﬂ H]/\‘]?‘Sﬂ/\‘]o 6‘]—

=2 F AL, A5l xgE AR AT
A& B A5 A Tt G oR sodte
el ok

2.2.3 End-to-end Y&Y ¢Z AA U A553}

Hed 712X oS mda A5Es) AAe] &
e 2715HH A574A 9] T ZHend-to-end) ]l
= AAE Fdshs 7FeAS AT = HolE

)\

oty
o
o
i
ox
e
ET
B
off

N

= 14, oln, A%
EHE F7gataL G of
E]—(Zhao et al., 2024).
&3} £ E(assimilating

A

- o 4

4

o?‘:

‘{F

of\

aV)

Z B

Z
kﬂl L oX

Swin Transformer 7]t }
|

block)> £33t = Hlo|HE L= oF 2d
o] wjgt et Axst | 27 218 AT
ok ol AFNO 7Rt oS 5558 58 o5& 53

gt

= MHEYA] thete] Aardvark Weathere= TR &
£ 3}5l= Vision Transformer 7]4¥F £t
A o5 A 2Fo|th(Allen et al., 2025). ©] /\]!:
< #=5 AR AR ARE &&s] A WAt
A& s, A7) -5 7]*“’
< gEeth AsEskE B8l 4
S 27 2AL oW A Y(feed- forward neural
Zoith, gy 7 T 7 R
IE 948 FAe 978A go AFHes &
#Hg #Z HolHE AAF glol 7‘13]5}‘:]' #*+= A
HuUlo @ BAZ wi BA go|HE A =4
= 61—/‘*}41::] wlAA AR gle] HF 3_7] z7
< A ol A Hﬂﬁ” Qo] EE A A
TZE Weslsia AL 288 =9 HAITE o R
2] 0}‘4-

r mlm

O
=

2.3 Al 7|4t 7|10 E2H J|H

2.3.1 Al 7]t AZLA BA

71E 715 & BAgolME FAIKC] 71l empirical
orthogonal function (Danforth et al., 2007), singular
value decomposition (SVD; Ward and Navarra, 1997),
anomaly numerical correction with observations (ANO;
Qian, 2012; Peng et al., 2013), quantile mapping (QM;
Ines and Hansen, 2006)°] 2 AM-E St QM2 4
z71-‘,,} 44—271-_,] ‘—;{—1 2y ‘5]—"‘% uH%]sH JQEOUQ,_Q_
2 BASA T, FHE EQSo AFE F2F
L7 BEAd= $HAI7F AtHDéEqué, 2007; Thrasher et
al., 2012).

gole 8 WHOZ random forest (Li et al.,
2019), lightGBM (Zhong et al., 2021), support vector
machines (Pour et al., 2018) & ™Alzld 7|¥o] #H
F BHA &85 01/} @ A e T "
%QQ_E _Tf_7].7<4 /\{,Jr /\]7:"03 }\
vrgskA] gt

oy g FAE FHstaA H dad 79 A+
7} -5, convolutional long short-term memory
(Shi et al, 2015), gated recurrent unit (Guo et al.,
2020), CNN (Tao et al., 2016; Lebedev et al., 2019;

BHE R

1@
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Fig. 5. Schematic diagram of the CycleGAN model. Two generator-discriminator pairs learn to translate samples from the ESM
simulations to the ERAS reanalysis (grey) and vice versa (yellow). Training the two generators to learn inverse mappings of

each other

allows cycle consistency to be enforced

in the translation of the unpaired samples, that is,

x — G(x) = F(G(x)) = x ~ x, and vice versa for y. Adopted from Fig. 1 in Hess et al. (2022).

Han et al, 2020) ¥ ZHFE ¥ Eok2] image-to-
Image translation 7]®Ho] =Q =2 Ut} o]& rd&
HAE A7 3285 shssll 71 S 719
g FEIY B o2 Ywst Yus Y5
R o FTH(Frangois et al., 2021; Han et al., 2021; Kim
et al., 2021; Pan et al.,, 2021; Hess et al., 2022; Ling
et al., 2022).

U-Net2 22} 7uke] 27k s &3
g 9o, 71 A& e I 71&
g Ak&ﬁu} Lyu et al. (2023} &=

qEE S8l A B o ] HEEE, 25,
FE 5)E YHOE T U-Net 37 U‘ﬁ__]‘” A
Han et al. (20212 ECMWF ©7]-57] o 5 (24~240
AIZHE ®BA3sH7] 218l ERAS 3= H|o|E e} o =3k
$ Jgo=E AR3+= CU-NetS 7H‘:‘L 2=, FE, F
éa%%qaﬂ»mﬂa@gﬁﬁﬂqr%@%%u-

Ulm % Io
A
éﬂ

—l> e, oy

ruN'
\(

5\_ o2

"*_8.

Nete] 27F 9|8l 29 5307 =4 719 thy] &
RN,

2] dRONE FEHIe Ay S Oi 2
Z85 7)uk JEjdo] g o x| uk A o &=L X
TA122%] 28 (Earth system model, ESM)3} XHE/_\_",

#3549 4% (2025)

tlole 7k e FH08 AEdF Aol oyt
olglgt oA AAE AA AHH(GAN)S =
E BEXE 0= ZAlste] dAAQ AES A
A 4 7] W, A= HolE 7t FEskAu %
< o]FA &E HolH ML {83k &8
4 At} 53] Cycle-Consistent GAN (CycleGAN)->
o] (= ]O]H SEe T B3R EEXE AR
H, &R WsAdH ¥ 84S EARL CNN
7|RF B ,j:]_«] %a%(blurring) TAE ¢sheid

CycleGANS Fibef W3 shpo=m dvky BAYS
33, sub-grid scale 53}, ThEAAYH, 714+
A7 B S-gHrhFig. 5). Hess et al. (2022)
CycleGANO| A7 Ao T BE AlokS 283
| FA 228 e (CM2Me-LPImL)] 73S A &4
tolel SAd] 2A ®¥A, double ITCZ &4 A7,
Ao kel aFE FF Fx B QM %
CMIP6 (GFDL-ESM4) thH] -3t 45 Hch
Yang et al. (2025)2 CycleGANS.2 NUIST-CFS 1.0
B F= TEF A5H(6~89) AT &S BA
=3 Zdre] RlE, A=, AEAIZE dZox4 QM o
v JiE AHE B
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o2 - 93] - o)A - ARF -
232 Al 7]9 ZAAE 7Y
AN G AAF 715 2d A5 IEYEE W
B3l FHA 7ol Es] ATEHI Uk 23
3| =3} (super-resolution) H&ld 71Ho] F2 ARE-
H™, %7] U-Net 7% HZ(Lin et al., 2023)°4
FH AdlA A Y(GAN) 71 7oz e o
T 9 3 dF ALt FFE AT Oyama et al.
(2023) &= 1.25 374 =2] 55-year reanalysis (JRA-55)
HolHE d¥He2, 1 km = & WE 2=
2 734 dlo]E](Agro-Meteorological Grid)E &3 .2
3l= SRGAN (super-resolution GAN) Zd& 7]
W) oF sou) S E FUHE G SlH 719He
S 7 YR ARE A dF ALET U S 3

= At

f
l

= FAIg /=& Zi= implicit neural representation
(INR) 71} o] FEuFlrh(Sitzmann et al., 2020). INR
9 ZEQ E yEYI} X HRE

402 3} multi-layer perceptron (MLP)ZE 7
th o)gs @ ATFA okl E&HA e &F
MLP 7]%+9] implicit neural representation learning
with prior embedding (NERP) 7]%(Shen et al., 2022),
StyleGAN 714t vfsg W|EL] =] 7]1uH3E Poly-INR 7]

Discrete data X

oty

-oldA - o]4 Wl - At 595
H(Singh et al, 2023) o] Jom, FH it 79 7]
gE INR 7] o] 7= 3 ch(Park et al., 2024; Fig.
6). INR o} 715 o] $HRA A8 Atdl=
flo, FAIS szl doleE AT F Ate
Aol Ao A&HAA AT 7| 7F AT

2.4 Al 7|8t MX|7 EtADoiz]

24.1 Al 7|8k AAF S4dLndY

AFAI=" RG] GAZHE MPEe 2 84
A3 =g 7k & 2}o]Z ®elthHu et al., 2022). A
Y Ae AAF S dAREHE JUkE Q6 35
to]e] 17} XA EtH(Yuan et al., 2014). o]oi u}
2t w2l 7k e§Aaed 4 A Eds] 119
Ho, ) ¥H 2 FLUXCOM ZZAE7} tk(Jung
et al., 2019; Nelson et al., 2024). FLUXCOM< & A A
F8 2 EleA 7E 8 A= A8, A A
2, 7148, dY ZTH2E, AFAAY D extreme
gradient boosting (XGBoost) 52 Hl&d ¢xZ&E
of SIFAIA BAZTYXE FAHSIT o] ZRAEES
B3l FLANE 9 AR A ST e gAaE
gart g7t vAE A9 e AAFE AR
2 AlFEt o] volHe AFAEHREY d% BTt
o} Bt 714} ofsflof 7o gttt

284 de #ZF 76 dolE &3 7, 9
Y7 £ 7 2dS A3 stolHEl= B (Tao

Continuous function @

HDBF
Image Latent Z /7~ N
,m Grid features " [FCZAN I
i L
Aeh — Decoder Dy i, MLP 7
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0

Fig. 6. Schematic diagram of the Domain-agnostic latent diffusion models (DDMI) architecture. Discrete data x and continuous
function ® are connected in the shared latent space z (D2C-VAE). The decoder generates Hierarchically-decomposed basis
fields (HDBFs) given latent variables z. The MLP returns the signal value for queried coordinate ¢ using the Coase-to-Fine
Conditioning method. Latent diffusion model operates on the shared latent space. Adopted from Fig. 2 in Park et al. (2024).
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Fig. 7. Schematic diagram of the hybrid model for gross primary productivity (GPP) estimation. This model employs the
differential evolution algorithm (BEPS-DE) to back-calculate the optimal daily maximum carboxylation efficiency. These back-
calculated values then serve as the true (reference) values for a deep neural network (DNN), which is trained to estimate this
optimal efficiency using MODIS surface reflectance as input. Finally, the DNN's estimated maximum carboxylation efficiency
is integrated as a parameter into a process-based model, significantly enhancing the accuracy of GPP estimations. Adopted from

Fig. 1 in Hu et al. (2024).

et al., 2020; Hu et al., 2024; Son et al., 2024; Xu et
al., 2025) 2 2]4] 7]¥H(knowledge-guided) H&d (e.g.,
Liu et al., 2024) 7= E&3ITh Hu et al. (2024)
£ A= A7 (deep neural network, DNN)E &-&
& E2]7]9hd =¥ (boreal ecosystems productivity
simulator, BEPS)2] 314 wij7jH=¢l FHojrizEadg
25 A, SLx}AY A (gross primary productivity,
GPP) o& 35S A ZH(Fig. 7). Xu et al. (2025)
2 A s}8 RSk 4173 % (biogeochemistry-informed
neural network, BINN)S %3] Community Land
Model versionS (CLM5)2] AA|s}8} w75 374,
EY frIete AZEFS dSatm 71E wolx|et
£ iy 508 o] At &8 MR ol AT
© SEE-mAL 2ol wet Bl P ola Ao A
o3 olAAR] A ©A& AA S P2 AT
AR E Fs] A9st] olfdte dAE F55H]
e, A HAY g5 Y-S FEot EER
POl vhg-g HuwsHA ®ekstazt Pt

UM AFH AFEC] ©Y WF A HFg
A 2, I YA 5F& Al ee
AT% At} Fang and Gentine (2024)= 34+ AJH)
Al Ed(data assimilation linked ecosystem carbon,
DALEC)®] EY & ZEdf: 34 BRES 2174%

3=r7148ks 7] Al353 45 (2025)

o2 thAg sto|Hg= 2dS s, FLUXNET H
O|E]Z GPPS} AJENA] &5 (ecosystem respiration, Re,)
o= JI=5 =k gyt g4 A|efo] st 214
W 2 54, 2o #F ARd A=kl A%
StAY o8] dEtulE Z3te] FYS €S Y=
H23 2 SA 34 (equifinality) 4|71 A& = At
Cohrs et al. (2024)= ©]%7]AI8F<%5(double machine
learning)S 3 A AR EF(net  ecosystem
exchange, NEE)S GPP$} R .2 & o= 7], ¥
o] NEEd H|X|& <=3 3 a3 = HE&s] 4
st FAFo RN, SAAYY AFS Fol =Y
o] 34 7hsA AlEAE Frsielich

242
Al 7

1718 247 Agasedy

A
e bl pCo, 4 2 AAT %

—

ARE3HH, #Z pCO2te] BAH #
Shgel sty g FHe FYd
(Landschiitzer et al., 2014; Gregor et al., 2019). feed
forward network (FFNN)3} A XE WE] 3|7 (support

vector regression, SVR), ZTAE F 2Bl (gradient
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boosting machine, GBM) & Al 7|H2 7]& AX3}
8 mung o Agwsl Yuksh A5 AFen
(Rodenbeck et al., 2013; Friedlingstein et al., 2022).

S, FENNS Wlid ded 728 AUEAs
Bk o Ee) W dhel WA 4P RS &
oz oH5e 5 Arke elA AAT % peo,
A B2 A A= oq:rr_oﬂ gz &85 o 91-01:::] theksl
T2 B Sy o] Al AT HEH 2 Laruelle
et al. (2017)9} Gregor et al. (2019)2 373 HSFE 7]
Hko & 2}7] 22 8}A] & (self-organizing Map, SOM)S
8ol AAF A FE A FHPOE v H, 7+
ol thal FENNZIRE 3715 283 ThEFig. 8). ©] &

S A e S 2t A9 W RE SR
OE’H #Zo] 3|a3 A4 pCo, F7g2] dutst
s Eoletl freleh Aol ok AT 25 1+
A &R Uehd ke dAldel &
Al gtc, ¥HH, Zeng et al. (2014)9} Denvil-Sommer et
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T ARE F7t dSRTRE S8oEMN, I 4
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=9 47 BAE 998 5+ s
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= = AT R
1o st

F(drify; FE o3 22 vAAA FA3E 2T
At olE FH737] 8l ANHA-LFF AT B
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