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ABSTRACT

Climate change poses serious threats to agricultural productivity and environmental sustainability, highlighting the need for
scientific, evidence-based quantitative assessments. Process-based models provide scientific reliability in simulating crop
growth, hydrological processes, and greenhouse gas emissions; however, their application to high resolution, national scale
assessments across multiple climate scenarios demands substantial computational resources, thereby limiting the timeliness of
policy analysis and decision making. To address this challenge, this study outlines a surrogate modeling framework that links
process-based models with machine learning techniques. The concept and classification of surrogate models are reviewed,
including data-driven models, meta-models, and hybrid and multi fidelity models. In addition, recent applications are examined
to identify the purposes for which surrogate modeling techniques have been applied in combination with process-based models.
Based on these insights, a national-scale assessment framework is proposed that integrates large scale input-output data
generation, sensitivity analysis, dimensionality reduction, and uncertainty quantification techniques. The framework also utilizes
outputs from multiple General Circulation Models (GCMs), thereby reducing assessment uncertainty and improving the
reliability of results. This review suggests that combining the scientific reliability of process-based models with the efficiency
of surrogate models provides a promising and scalable framework for future climate impact and vulnerability assessments,

which could serve as a valuable tool for adaptation planning and effective national policy making in the agricultural sector.
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1. M2

715319} o] & 015t o]A}V|A) BHAY HIE 27t B
A kA4 9 E3HAA] Z0j(Antdn et al., 2013; van der

Veer et al., 2024), S EYF AL9] & A 3K Droste et
al., 2020; Niroula et al., 2023) 5 %% AT} 379
FOE 9L 0T Yk ol FFE oA A4
Ao EARRe] 48 g 5L ol b, At

Kot 5 7IWHAAE fA- ol A5 A2l Y1go] Har

Qlth(Parker et al., 2019).

7129 & 71593} Y Bt FE AR 7|
(indicator-based) Lol SJ&sigttt. o] W2 VT
(sensitivity), =Z(exposure), Z-2%F¥(adaptive capacity)
o Al 7HA && FHOE ABIAAA-AHH ANHE 4
Foolal, olF 7k Batscto] 2F FM AFE A=
Sz WAo|tHIPCC, 2001). =t F7IATH
(Korea Environment Institute, KEI)2 |9 T 9] A7FZ]
FoFd H7IE 93] VESTAP (Vulnerability Evaluation
Support Tool for Adaptation Planning)2 7J&s}lH o, o]
= AFE 75 20 7|5keE X]?ﬂﬂil\]/\‘f”(Geographic
Information System, GIS) ¥ E47|HS S350 Al
g 7% E 9 A3 ks 7%0}71] SFATHON et
al., 2017). 3HH, o]t AA = ©lolE 8+ fFo] ¥
Z|1AR1 Hlal ZAo] 7hssithe oA A-82] o] A,
AR A AAE W AETS-H e dE5AET 22
54, HAdEA ¥gE wtgst= Hole AV Ao
(Varadan and Kumar, 2015). £3] 54 tffst 715 8
Qlof] FFZ wol B Zofof Hls] 7|FH3sto] FeFstal
tioret 9lo] B0 R Agele ALdy 422 7}
Aoz a7A 5ARA U3t 4 A o 9
SAl= eh AL A=A HolE o] 7RkgE Bt A|A

Z0] T Q3}t}(Aleksandrova et al.,, 2016; Fellmann et
al.,, 2012; Hossain et al., 2023; Tao et al., 2011).

olof wha} I} 7]¥kE d(Process-Based Model, PBM)
2 £40= 3t 29 7]¥H(model-based) H7}= 9] Hglo]
o]2o]x]3L Qlt}. KEIQ] MOTIVE (Model Of InTegrated
impact and Vulnerability Evaluation)+= ZH& AJAF, &,
WHA, 27 S vyt Bzl gl RCP 71ute] el
& 71% Auelost 3 Z 29E dAstel B
2 B7kste AAolckHong et al. 2021). 2t} Bl
AFBEIE PBME A4 vl 8] £, w2 Atele Bt
ot W EE Mol Tl EARIT Haty, ol
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MOTIVES} Z-& A& o PBMI} HAlY 59 5
A 71&S 283 el 2(surrogate models)= i A
Ab 84S gESEE AlE7F 8753l IHK(Choi et
al.,, 2024). 53] 7|FHs}o] W $F G4t 23 Al
Gelow EnE S 7 B2 Bl S 3
AojA=, oot Z2 diZlrd 7|Hke] o]
sfFo g FBAFSEY Qltk(Khan et al., 2024).
R - I ETERL
0 FHery BAIA WS AAt REE askh, o
It AU 2 B4 7HssHA she tiERE ZIRE HE
o] && 7Fs4de 1Eske H Uk olE 93 PBMIt
derdo] A4 daE F-cta, AAl 59 YA,
i, 24718 97 5o A8 AEE JAsk B
= AIFotaLA}; S

=

© AL

Rk

o

A

T4 719k d(Process-Based Model, PBM)S 5 A

[o]

AHE AFA o7 ool q&olr] Y fdtEo] &
257 9k o]ejd REEL ZE Y R4 B

o

o g4 2 W49 BH 5 RAUZS TEFOEA
1SHsle 5 Belol Qe AAHoE RAT S 9
5% o], 27t B3 FAL vgoR FHIHA
ol At HEAQ ZE A& HHol= DSSAT
(Decision Support System for Agrotechnology Transfer)
2003), APSIM (Agricultural Production
Systems Simulator) (McCown et al., 1996), ORYZA

(Bouman et al., 2001), AquaCrop (Steduto et al., 2009)°]

N

(Jones et al.,,

Aom, -5 B7}F Rdofl= SWAT (Soil and Water
Assessment Tool) (Arnold et al, 1998), APEX

(Agricultural Policy/Environmental eXtender) (Williams et
al., 2008), BtA 9 241714 Wdof= DayCent (Parton et
al., 1998), DNDC (Denitrification-Decomposition) (Li et
al., 1992)7} Qlct.

21, NgM8RY

DSSAT Z @2 University of Hawaii®} International
Fertilizer Development Center (IFDC)OJ|A] 7idto}9 0,
A AT BAL B ASH02 FEHchlones o
al, 2003). DSSATE= o 22 == — CERES (Crop

Environment Resource Synthesis) (Ritchie et al., 1989),
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CROPGRO (Boote et al., 1998) 5 — 2 E3l5}o] thFst
2z wE A= A, BT S 59 JEd ¥
PPk FRsshe, 7 Hs Adele 48e B3 4714
Algdoldo] &8 & UtH(Gunawat et al, 2022;
Wang et al., 2009).

APSIM 2 g2 53 CSIRO (Commonwealth Scientific
and Industrial Research Organisation), Queensland DPI,
University of Queensland°] 3% 7§gst wdojct
APSIMZ ZHE-EF-7Z2 #e]9] o482 AdsHA =
o & o ohefet ARAA Y 7| T2 BT A
7] AJEYo)Ao] 755t (McCown et al.,, 1996; Sarkar
et al., 2021).

ORYZA RE-2 Y dH=2] Wageningen University &
Research?} IRRI (International Rice Research Institute) &
gog /et Fx 29 ORYZAI (Kropff et al.,
1993)0] 4] ¥FAsIY] ORYZA20000.8 E3dtE|9jod, 7t
A F o= ORYZA v37} 2EE 9t ORYZAE ThoF
e 220)4 80| AT} e woph Thsstol A
B0 T W A WAolH e A, 71
W g B9 g 2w ATdAE 8HG
(Bouman et al., 2001; Li et al., 2017).

AquaCrop HE2 9-ll4]5KsA 7| 74Food and Agriculture
Organization of the United Nations, FAO)OJ| A 7H&st 2
g, gttt 729 A 948 WeR fAEn A2
A TAE ALt £ & doke S 7
t}t. £39], & A4 (water productivity)o]] $A41& Fi1 31
of 7h&, A T Ao A 3hE o] QUth(Heng et
al., 2009; Raes et al., 2009).

22. #

4 BrzY

Ho

SWAT 292 USDA-ARS (United States Department
of Agriculture — Agricultural Research Service)ol| A 7Hgt
% folus] B4 Bdolh SWATE dfm §9
o & &% EY M4, & olF, 4 HIE 34
o7 9| 7hEstH, 7] Hojel EX|o]-GHa}, theFdgt
BBA T AlyE e B7Ho|A 7S 7 THAmold et
al., 1998; Ficklin et al., 2013). o= SWAT ZE9]
TZ2E5 A AF HA o= Mk o W SHH, A
A, &5t 1 AT RS F2Rt SWAT+ 2do] 545
R, Aok BEY 2SS SWAT+gwilow X El(Abbas
et al, 2024), = ZEY} ZAYSt SWAT+Paddy =&l

(Jeong et al., 2025), 22 IJAT HEQl CoSWAT
(Chawanda et al., 2025) 5©°] 7=t

APEX (Agricultural Policy/Environmental eXtender)
(Williams et al., 2008) 222 EPIC (Erosion-Productivity
Impact Calculator) (Williams et al., 1989) R E-S 7|dt0
2 USDA®} Texas A&M AgriLife Researchol|A] 7Jgtgt
HE2A, o5 g4 9 &7 F27HA] st g7t
4 Aok E3 SEET oy vY BAM, BlEE
ke, T ®WHAlE 1Eote] B4 7hsoltk(Kamruzzaman et
al., 2020).

2.3. EYEA U 247IA Y

Daycent M &2 ©|= Colorado State University©]|A]
CENTURY HRd9] dd w9 HHoz 7dsiyict
Daycent= EY 7|84} FA B8, 2A7FAN0,
CO,, CHy) HIEZ Al 2o &+ ¢la, 74
(no-till), =& 5 T T AU aTE FFE
2 HWT 5 qlo] =7 &Y 2AVMA viEE 2 2
ZFslo]] &L= 9 th(Del Grosso et al., 2005; Stehfest et
al., 2007).

DNDC E 92 u]= University of New Hampshire©] 4]
MEEQlow, Bk 24 9 &5 B2 7|We R H
5 3, EY 79, 71F 240 02 247A viE W
3 AEsHA g 4 QUth= AFE 7HIth(Abdalla
et al.,, 2011; Ludwig et al., 2011).

oX [0 Mo

2.4, YT TIL Al IPYIHREL| SHA|

PBMZ =71 @919 7|5} gf-F g F7tol 4
S 735 B2 7HA] Aokl Sl AA, dlole =3 9 o
W4 HAste] ojg|goltt. Y 7R Hd2 wY
= o) B E91-315H B4, 718A=, EX0lE 5
7170 #5 A=rt 85t fE2 iiHsE 24
7] A8 F= S, e, 2L 5 2l
F2of gh= ¥SA =7t B85 ojRt ATt EFE
o e 29 Aol EF4d4o] A SV EAl, &
A3} Aol A (transferability)9] AH|ofolch melo E4
Aq-22004 T R 214 HA7] o] oE A

= e AyE o] A8 ool dojd 4= 9]
o AR, 4t wgo] mE Feolth 53] ] 7%
AuzEle, B 27, &2 Ut 52 1Lt HE 24

7ol 8750 =7t

oX offt X oo

i

°
>
e
=
=}
ot
o)
2
b
)
H
>
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A 71583} olet w2 ojAEy Aol Aokl
wEch

A WA wA Ao A9 BEARS 24

AA 53 gefet v B Ve iES §
3 AAF AT $ U AR VSt o O &
40| =Elal Bdo] 7k B8] AF eEEY 2
A MAdE Aoz 7|95ty of#n. webd A7) A=
BFAE S e =Y BagS AlAbeH, 1 dijk
o2 tjg| 2 (surrogate model) -go] FEH}

3. 2mge| 28 ¥ 54

3.1. 2|z &8

o 2] 2 d(surrogate model)> Y W4t &8 2
o]9] Bt MAE $AA B 7ASE WHOE TA
Stol ChyRt %R A4S ARHOE SHHEE A
A=l Zdo|th(Eldred et al., 2002). =7} @99 X
J\st o 2ok BoAOIAE TAAE Al-B2F A%
287 7|1% AYyE|2¥ GCM (General Circulation
Model) QH4R0] T2 @A Bgro] FEehL, LA
N QBRI A W BT} BRI A
B7bol e At Azt-B]go] @tH tiERE o
A ANE k0] A QO HAT S ek

941 A1gshe o] B5ol Tt Hese
Q2R 5 A ) i AE o
£5l= w9l glo]g 7[dt tjg| 2 gl(Data driven surrogate
model), T4 7|4t 2 E(Process based model)of| A A=
&8 AR5E L= HHAQl HELE E(Meta-model) 2
weEc Ee, B3ARe By 0 mdo] 42e 2
3l6l= stolE8]= Y (Hybrid model), A2 ThE 4
ERI 5 BoE ASHoR Pk OERAE
Hd(Multi-fidelity model)©] Q1th(Fig. 1).

EHQ_-;_HLQ

o, B2, 24

(@) dlolg 7I5t tf2j a2 AR S HoleY g
< B9 +EEHERE @ A9 AEo] Holut
o, 53] 7|& &5 9] oA 2 A5 Ag=E
Heloh a8y g0 A HlolE EE2E Hlof
U= 2L 7]% 2oy A% ﬂrﬂ WA Sole
A& A7t F435] AstE, 4
AA 2 #Zo] BV 2Fol o HHL LR
SHAE 7}ZcH(Zhang et al., 2024).

Taxonomy of surrogate models

By data source

Data driven

By learning paradigm

By output type

surrogate model
(Observational data)

Statistical
- probabilistic modeling
& inference-oriented

Point predictor
- No native uncertainty,
point predictions only

Meta-model

(Simulator DoE outputs)

Hybrid / multi-fidelity
model

Machine Learning
- Data-driven prediction-
oriented

Probabilistic predictor
(Emulator)
- With native uncertainty,
quantification

(Observation + simulator)

Fig. 1. Taxonomy of surrogate models by data source, learning paradigm, and output type
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/IRl 7ISHet SeHFord TS flot 222 719t M 7= 2

(i) et E 3y 7dt Rd 2 2E A A (Design
of Experiments, DoE)°] wzt AA4H AS~=2 d|

olEjg wigom suE 24 mdolh. ojefat ]
B gL BZo] ojele ulg) AUt o 7t

Saithe HolA AL 7R, B3l BaAws)
slit 3ol e Agol Hsolst. 12
249 7l welo] AU RHHA s
L, 11 #ZZ QF(structural error)7} UﬂE]-l:’._Hbﬂ a
= dAgd & qlow, AJMAYE RAdstA +
AEE & AF 7} Yolx|al @4k extrapolation)

JgolA 9] Yol AA 4= Sltk(Backlund et al.,
2010).

(iii) sto|BHE/dF3AHE HE2 &S Hlo
A 79 RUES ARl L
BIE RYS 3y 7w 2d o] 54 2E
= T’_é Ll 1‘32 ; RSl 7]74]5}%2§ A 5HA

HHEA 94 wiES

ﬁéﬁ}oﬂ Oﬂ %io Eﬂ OHE AL ougitt. o5

292 33 4] (empirical model)T} 22 A

zdg Ao fge, 3y 76 gyt 72

o] 2545 2 LAY U 25

&, dlole] AT e Ha)T} 29 d

ol(te B9 Ausl A5g ANE Aihol 2

23] 9olafok SHTHLI et al,, 2025). E3F slo|H.

ZE B E3AE P2 bkl tolg &4

(T’_é A-no)E A A &2 37t A

3 A™slA A& 2= 9oy mE A9

EAET diotE dloly A Hl-8o] Hf-

7] Yol =7+ &9 B7ke} o] SH~ut A

O] AU A143] FASoF Sh= AR A

Y oA = FAHRA AT SA R

[]N

olv

St dieithele S84 7 22 $40R —3}_‘5
S A4 HX(statistical approach)‘ﬂo}/—ﬂ.l—]— =g 2
0 F FE 7|AE<5(ML, Machine Learning) @ELHJ'U.E
2 U 4 ok ). BA4 2 sl Wy A
1,]_2__2 5_,]%14 og 7}7(4-3};,7_ ;(1]6]—5] FRozH E{ Em
B 548 2okt o 2L B o] YL WS
29 QuEAL 724 GE4S BAdon ndgsl
7 o], BAANE SHtT AP b 7

dct vty 7)Ass 9 JQIA S HAIH O]—/}_]_S_ =
Ao] Aulstrt oj=o] Hatrel 9

1o r

591 B2 MR o 1065

shste Ao 24 Ful, dolele] A el va
3 WAL G A4S Fo) APHOE LUk of
APAEL dolerl et 2} 128 g 44
314 gkl 7Hst W HlolHE o] 83 BEg o=k
o Holg ol WFOE BUo] AAZ FHE Fobrt

¥, olg B9 Bskn 4RH WS AnHos
2AY & A

2eo) geo] weAL w site) ohEgh i
22 (point predictor)d} df|&0] BESA7IA] T F=
H3E F7 3 (probabilistic predictor) 0.2 Lhﬂ_l’/]-(Fig. 1).
A 29SO ool ERIT, TR 5 A&
of W =S AT HolH Tesha He
o[ A7k, dfl&gko] 7H EEAEE A AAsHA] FEt

=
ohie} BEREY ez Fol
AlZ] 77k confidence interval), & Q Z}(prediction error),
52 239 HAZA] FAO] 1T 4= Ao ol et
AL 7153t FFF g B7F Zokt Zo] = W
o] ME/go] 21, A Bdl ESH/o] EA5t=
FolA 53] Fasitt

9%
A]

3.2. 2|2 RYE E {7/ X EY

dHo=
2 A Z= 71
Ol(Splines), Lwrs} Aq K P(Generalized

oz

[¢]
Linear Model, GLM), Y23 HE4H(Response Surface
Methodology, RSM) 5]

oEL Y P
7} gAHolm A BAX R4S AT S+ Uel

|
om
o o
T

W4 7 BAE HFH oz Aol she ARl Hdst
ok E3F 7FQAIQ TR A|A(GP, Kriging)?t 2 SHE3

A&t A} gA B4 B AT E A0
2R 2944 FAEE AT 5 A= HollA
7§_5§ 7lHog BEEETHTable 1).

o 7|Asks A2dAY] diEed Fa7He AEA
7] As+<(Conventional ML)} H 2 d(Deep learning) 0.
R 5 9om BEH TASEOIE ol ot
mdg ARGl A oS 45S GASE AHEd
AE(Random Forest, RF), IHYAUE FAH(Gradient
boosting) Fo] YT, FeIdols MAMFA, AL o
4, B2 e A S0 Fold A7 AY(Neura
Networks)®] Z@5o] gIt}. ol&gtat B2HHL A

rlo

Hr 2 N
nﬁ% ¥
olf

rolI 3=
X
%N' O

N

H o
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Ao &Y 7IHolls 295 JFAEH AE(Quantile
Regression Forests, QRF), £¢|4 IFHAE HAH
(Quantile Gradient Boosting, QGB), H|o|Z|o} AlFT
(Bayesian Neural Networks, BNN) Hdo] Q1o o] 7]
HES A 59 Ao} HEo] 2o A ErtA] 4
Fokt 4= QUTH(Table 1).

SAAJA FZ71H Toto], RSM (Response Surface
Methodology)> A2+ tfg4]E o|-&sto] AlEd ol
299 vFSHE Ao BAF derdoltt. Mg
Ql 2z} WREHEHZ oyt Zo] FHrkBox and
Wilson, 1992).

Yo By, (D)

m(x) = By + iﬁkﬁ* iﬁkk‘rz+
k=1 k=1 1<j<k<p

wom) = pAHE JEHE, 5= AH,
B 43 &%, gue TE AT, 0= AEAE A
th A p= HAAFHE S5 =P o]
g2 A9 AH 2AS B PR AW 5 9
ohe 2ol St

GP (Gaussian Process, Kriging)x= & AAS &5
How Fo| g B BA0) 2Yel BERA W
Ho|th(Rasmussen, 2003). f& GPZ FH

i

f~ GP(my(), ky (), e ~ N0,0%)
714, my ()= AE BIE T, ke () A T,
o’ P& FG BAatolth AY 9] Ao whet g
o Wjnee, #7114, "5 st 7HAo] gy o

- EMEl - @AE - O1FR - 0¥ -

Lige

HZAOF RBF (Radial Basis Function)7} 29It} RBF=
ohah 2

I x—x' |l 2)

k(x,x') = or;exp(— o7

3)

4714 ot @4 EEe] B4 270l (L Zo] A&
(length scale)2A] A2 Zko] Wisto] wpe Zeizro] wis}
£ 24 vjrfEsolt.

7\ AsHs A2 714e] Wato] RFE REAEY EE3)
Ra9) B4 M o83l thho] HFELS s
T, 1 A Bt dEshe vnsd iy
@ eo]th(Breiman, 2001). A&t m;(x) & AR 4
o thewt go] Bt

]

-

=

. 7 ER Qe BUsel A9d Hag W
shel, Eelo] W@ B4 Folu gAQ A% A%

XGBoost= gradient boosting 7|2 &A= LdO R,
3] HE 2 (regression tree)S 2F5t sh57| 2 ARE-SFCH(Chen
and Guestrin, 2016; Friedman, 2001). JHEZ= 4H T
r& o8 FZH(region) 22 S F, ZF F11o] &3t H
olElY WEgre Zeo vk maolt ojy A
e Eots A wtEolAs HE e
- T(terminal node) = Y(leaf)o]e}rl HEm, 7} Qo

Table 1. Representative surrogate modeling approaches classified by learning paradigm and output type

Output type

Point predictor

Probabilistic predictor (Emulator)

- Splines

Statistical - Generalized Linear Model (GLM)
- Response Surface Methodology (RSM)

- Gaussian Process (GP, Kriging)

- Random Forest (RF)
Learning - Gradient Boosting

paradigm - XGboost, LightGBM

- Quantile Regression Forests (QRF)

Machine Learning
(ML)

Neural Networks

- Artificial Neural Network (ANN)

- Convolutional Neural Network (CNN)
- Recurrent Neural Network (RNN)

- Quantile Gradient Boosting (QGB)
- Bayesian Neural Networks (BNN)

Journal of Climate Change Research 2025, Vol. 16, No. 5-2



FoICH9] 7St SEFFM WIS IRt LRIDY Jjt AP 75 % S K2 M

£ o ool 49t dolEzh QAR Gradiens
boosting2 HHE A m = 1,2,.., Mottt 2L S|FHE
2l b, (x)E 716t old 29 £, (x)9] &S BA
e o Zo] xdHh

ot
o
b
of
H

o714 ne< (0,1]% S<5E(leaming rate)°]tt. ZF TA 0|
A EEE B, )2 4% Ly, Fix,)E &
o s o714 L) dagiet Bagre)
ol sl IR, AFLA Liy,y) = (y—y)° &
E 4 QJth(Friedman, 2001). XGBoost= 22} =35
|3 FARI 7HEA ALY, BAE e B BET
Al, 314 4 @ it glolEe] H3et HA3 7HS
Asttt= HolA % H5& HEAtKChen and
Guestrin, 2016).

X173 (Neural Network, NN)-2 J28-&3 HAE H|Al
4 Brol 20T AR LA J AT UL,
o0& T4l E 2 (Artificial Neural Network, ANN), 3+dF
A1 747 (Convolutional Neural Network, CNN), <3+ A7
(Recurrent Neural Network, RNN) 5 t}oFst L2271 &
Aetel. NN A e Y-S (hidden layer)¥} H| A
EAJ 34> (non-linear activation)S 2-8-3f EXSE 1 X9
U2 B 22040 BHT 4 Aow, 29} 47
Alo] wep Z7HA e (CNN)o|U AJAD-xbE A
(RNN)S Te2is} 2= ojrh Ho| EXo|c}. 41419 g
of ukEel G| Pt o1} o] FAHCHLeCun et
al,, 2015).

lI.

y=f(z;0) (6)
D WA o IV 40) 40 4 0

o714 z € R 42 HE, 0= e AFC] 71eX|et B
< et B dpEs AR, & 0= (0,
dzzr WSk 0= A o] AEAe W,
OE HAY 2T

71AIsks A 71l #3le] QRF (Quantile Regression
Foresty= RFQ] &g 02 ZAR Hi4 = Al 245
BRI AFE 24T 4§ JEE 799 tH(Meinshausen,

AN

Q w»
rr

.o
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2006). RF= 43 xolA &8 vo] E3HIAHE vtde 5=
Ae SHATE Ao QRFE= ol 4F xof el g5

JERIESE
] e:kejus

A2 A2 17k FoIAH, QRFE £9] 7 B x
7} TEsks e T(9)E RIsY, FY o] &3t
St BE2E2 xo FARE HolHE it £E 9
SHE v, 7t xoF duhd FARIA] el 7REA w,(x)
L theat g

HES JYHOR sl BIUYS

HXE Ry} 1{x, € Ry}
t=1 |Rtf(i)|

AFNH T EFE F A%, Ryt B8 1014 B
B 7 &3 9% LT S ()9 9 | | Ry,
I g ko Z9bE HolE 9 A, 1{}“ A ATk
(Indicator function)©|Ch(Meinshausen, 2006).

QRF= RFY] H|E4Z E4% PFE 7|4 P ES
AssHAA, glolg 7[¥te] AAEEE AH Al =
HolA At a3 A= %9”1%_ 3 %

Sk 4= Qlo] FokA HI} A] 519 &, I9 T4 5 7
A4 AR 4HEo] -85ttt ghd, Hlo] i

M= T = B4 FHE 5 Ao EF 7t 1d
o] EAA Q4 5ol Attt He aHfof gt
(Meinshausen, 2006).

Bayesian Neural Network (BNN)2 A173%9] 715X
WS THE A 2AAR Sgele g4l dEEse
F5to] AREE XL (posterior distribution)s F=45l= &&E
27 mElo|th(Neal, 1995). BNNO] ZRL &k
AE Dol diste] =d wj7fHS 69] ARFEE p(6lD)
ZARAL, A2 Y 27 ox] &9 AR £

z

2542 Zolth olnf ojEREL thew

plyle’.0) = [ oyl 0)p(eID)as ®)

BNN2 g8y o] 2d8S %118}‘11*%5 nd 234
A wjrfESe S B
S YAHoz AT

oX,
1o
o M
1o
>,
ox

A4, epistemic uncertainty)
ol 71527 REPT} Zo]
glole7t At olAY <4t dRgo] WAs= AN
gaalch ohat, e s 4] setule B7te) ATRE
£ TARSHoF SRR AARF] Hal Sk AlRto] A=

_4
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ol Sty A ARojAE EHIFEE SOk
(Monte Carlo Dropout)o]tt QAME 7|HF 4 (Deep
Ensemble)¥}t Zo] E84S =29l TAF 71¥o] de &&
FtH(Gal and Ghahramani, 2016; Lakshminarayanan et
al,, 2017).

3.3. 2|2 737|Ho| H|m

gz Te78e] BlLg et st AR e
2o ez AU WA UF o= TR 4
ol UES =S oEHoE WA H2 72
[-4.2, -L6JoIA B0 EES HSRERE FE6HL, §

27 [26, 421014 AjHoz He Hol mEe,
a3 T4 73 [-16, 2.6]0le &9 BRI
Hi|5klEE. E& W9 y= 71 p(reference function)
(z) = sin(1.2z) + 02525 7|Wo g2 ZH4A HEZHATL
0.12%1 o] &AF (heteroscedasticity) =2 F7Fsto] A4

st

N[\

\

rflo oX
ol
1)

. orofal - MAMD

— [ =]

Fig. 32 Fig. 29} Y3t st
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GO HOP 2 lob odh N Ay x|y
in)
[e)

ol o]
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)
15
8
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m X, rIO ofl
7
et

N
ﬂL?_l‘.
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R
e
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flo
&
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ofo
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- 0|52 - 0|82 - LIE2

T 242 32} TS| F(cubic polynomial regression)
£ 59 22 d 49 A5 295 UEhdt o] B2
d2of dis Tt SRS vigksie, A JH
£ AToHA =t v 94 342 GP 7|8t BES
ol 215 Hds UEiY, $39 39 99 =
HXEO| 95% Al F7HS A AR Fig. 2& AHEH, 5
FEAE HlolE 7}t 4t FHo|A= GP AlZ|F1to] |
ojA o] AME UERLL, tlolH 7t &% 11t
M= F& REE FHI ol ERFHo] AR}
FE3 A= S 440l SRt A
AZ 77 = AAAHA Eodtts JS & Ho
<t

SHs A= g olgoto, 7] A3
H2yos 734 qrd 3 A
AL H|wg Aot 71Ags 7|4t

W2 RNNZ o]g5}gict 5
Y}2, RFE= 7

2.0
1.5 A
1.0 A
L]
L]
0.5 A 019 [ ]
L ]
> 0.0
_05 -
—1.01 —— Cubic polynomial
Gaussian Process (Median)
-1.5 GP 95% interval
' s Train data
-=-- True function (unknown)
=-2.0 T T T T T

2

4

Fig. 2. Comparison between a cubic polynomial point predictor and a Gaussian process (GP) emulator on the
same synthetic data y = f(z) + € (f(z) = sin(1.2z) + 0.25z ). While the polynomial returns a single

m(z), the GP provides u(z) with a 95% predictive band 1 + 1.96s, which expands in sparse regions
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2.0
~—— Random Forest
= XGBoost
1.51 Recurrent Neural Network
o Train data
104 True function (unknown)
0.5 A
> 0.0
_05 4
_10 -
=1.5 1
=2.0 T T T T T

-4 -2 0 2 4
x

Fig. 3. Comparison of machine learning-based point predictors. The Random Forest (RF, orange) produces
stepwise predictions characteristic of tree ensembles. XGBoost (purple) also uses boosted trees,
yielding more adaptive estimates while retaining some stepwise behavior. The Recurrent Neural
Network (RNN, blue) provides smoother predictions through parameter sharing and sequential

modeling
2.0
—— Quantile Random Forest (Median)
10-90% band (QRF)
159 — Bayesian Neural Network (Median) o
10-90% band (BNN) i
104 ° Train data
’ --=-- True function {(unknown)
0.5 A
> 0.0 4
705 -
_1.0 -
-1.5 A -
=2.0 T T T T T

-4 -2 0 2 4
x

Fig. 4. Comparison of probabilistic predictors: Quantile Random Forest (QRF, orange) and Bayesian Neural
Network (BNN, blue) trained on the same dataset with a central gap. Both models provide predictive
distributions, visualized by the shaded 10~ 90% predictive intervals. QRF represents uncertainty using
empirical distributions of tree leaf nodes, resulting in a piecewise—constant predictive median, while
BNN leverages posterior weight sampling to produce a smoother predictive mean and credible intervals
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Sk @AOIA A4t B]Eo] Eil Stolwutetu]E Ao

Zoitte do] oz XA EHTtHGal and Ghahramani,
2016; Meinshausen, 2006). 1Ho|= = 7|H 2% & 374
of =gte AR thu] S Exet EAE AHA
O & AT 4= qlof, 7| ¢HIl JIF-FHM B g
A3 7 QAE G} Zo] AFHhs &8 A9 A
o] a3k Ao Add Ao= wrH

g, Fig. 2, Fig. 3, Fig. 4014 RE gigjzd 13d7]
Wo] o2 e Aol Welel [42, 4218 Hold A
9 AEune] A% A SEsE BS Bl
ol thelmeo] Hoje] o] /et WAL 945
A, BEEA e Geo] et QAL TrH oz
Berge Ae guia. olHd S4L Hold A
Yelmdo] Rason wag Wel WolAu Uutsrt
Rssttis g BolFe, meby | FHst 33t
o} o] wjefe] 7% 7ol T AlLtel 98 o2 sfop
Sh= AolA = oS A =7t A5 AstE 5 U=

A AR

e

4. 2h Y o T WS Yt
22 $E A

>

4.1. Y g

od

[

7

=0F

Table 2= 371 9 %] SgjolA] 2E 59 P4
Bl Bl gelnd 2§ AeE 80Kt Aol 2t AT
L pBME 73tz HAHY EX EAH 7]
sto] F7H4 A, AL 884, 283 d= HTAHS
FAAZ R Az AP,

Johnston et al. (2023)2 APSIM-NextGen ®olg|g &
13 G40l 1E T Wojdds, B5UL, H5US, A
T

n)

= T, ETET, =8,
BE BAF, $E5F T 94 7 8 &9 W
FoE ATAFGANN), g Ag 3 A5
(MARS), Y ZIHAE(RF) Al 7HA] MAl2d &ard
719t diE|(dehZdE 7dstich. 1 23, &9 39
A R*>0959 =2 AT E Hom, ANN 7|8t =d
< 9F 2008, MARS= 500H] B AAEGEE Ko di
I YR -AUE 2 BAS 7RsoHA skt 18y &9
Aol EIER] k2 Ao M= 5ol At = gHA
£ =8 Wct(Johnston et al., 2023).

Shahhosseini et al. (2021)2 o= ZHE 37} F9] &
g AFS GAFOT APSIMOH HOJE WA SR A

o

lo dz

s
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=
1
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Table 2. Representative applications of surrogate (meta, hybrid) modeling for national- and regional-scale

agricultural productivity assessment

Process based . .
Study Scale Crop del Surrogate model Accuracy Computational Efficiency
mode
. 200-500 x faster
Johnston et al. National . APSIM RF, ANN, MARS 5
X Chickpea R">0.95 (ANN 200 x, MARS 500 x);
(2023) (Australia) NextGen emulator . .
extremely high efficiency
Shahhosseini et al. National . LASSO, RF, XGB, | RMSE 7-20% | ; | Thousands x faster; real-time
Maize APSIM . ) o
(2021) (U.S. Corn Belt) LightGBM R® 0.25-30 pt county-level predictions
Zhao et al. Regional r=0.86; Approx. 1-month lead time;
. . Wheat APSIM RF .
(2023) (North China Plain) RMSE=0.68 t/ha | moderate computational load
. . . RMSE 43.5 kg/ha; Moderate efficiency
Li et al. Regional Weighted ensemble . .
Wheat APSIM RRMSE 3.55% improvement; suitable for
(2024) (Gansu) (APSIM, ML) . . .
improvement regional scaling
. L LSTM (pretrained +| , computationally lightweight
Xie Provincial . K R® = 0.90; RMSE
. Wheat |CERES-Wheat| retrained using r compared to full PBM
(2022) (Henan, China) . = 287 kg ha . .
Sentinel-2 LAI) simulation
Kheir et al. National Wheat APSIM ANN d=0.95 Tens of times faster; nationwide
eal
(2023) (Egypt) NextGen (APSIMx_R hybrid) | (vs PBM d=0.89) | grid simulated within hours

Ef A Hapo} 7|4 EY HHE Zo6to] LASSO (Least
Absolute Shrinkage and Selection Operator), RF, XGBoost,
LightGBM & 74E da2dS S5AI3H. o|gA +
S5 digHehEE2 IS HolEutS okt tiE|nd
o] ¥d} R*7} 0.25~0.30p =9k RMSE (Root Mean
Square Error):= 7~20% RtoH, g4 &= APSIM
g 7L o) ws SH Wb FyEAn
(Shahhosseini et al., 2021).

Zhao et al. (2023)2 ==+ SFEFH YA APSIMO] Aj
SHAE FHPA|FE Random Forest®2 Shesto] Lo
A7 S A&l AdE tiendS A~/
Z7] 7oA r 0.86, RMSE 0.68 t/ha®] H L& &H3}
, 8 oF 3 F Mol BAE ST = W o
ol & H HEAS] 5 FAEY0] &8I YRS
AlEs 4= Aok 599 ch(Zhao et al., 2023).

otd, dig(MehrEe 83t 37t S AL 2
d ERE HolA HolE et PBME FA|o] Sh5to2M
e 7NASE stolB et B9 Al v At Li
et al. (2024)2 F= 7HEA9 A7) 714 EF A A
=9} APSIM 2dlo] HetH S 715 Adet tie(slel B
go)RdS AASHAT 1 23, APSIM = tiH]
RMSEZ} OF 7.5% 7raotal, Wetd o o] 3.5% 74
Aeo] 2 &9 = B7H] Aol Aol P

o] o
IR—

orh. B Age] hE ALRIE i Sk,
g

PBM th= HHE AJEH o] AHT} A3

BT JATHLi et al., 2024).

Xie (2022)= CERES-Wheat 29| A|EFo|A A1}t
Sentinel-2 FArO ZHE FZE3F LAI (Leaf Area Index)
AASS Aol A9 B9l B $%S 5=
ZAZAT AES] LSTM (Long Short-Term Memory) T 2]
(StolBZE)EdS #5513tk CERES-Wheat RElE
357 A7 TS A0 LAI & AR AT 9 &2
9513l LSTMO. 2 AFA S5 (pre-training) 1% 0.1, o]%
Sentinel-2 LAI®} A= AA|FO R A+ (re-training)d}
of HdlS Bttt 11 A3, AsksE LSTMY] 95
AT PBM-&< LSTM (R*=0.85, RMSE =336
kg/ha) @ 914 IAF 3k LSTM (R? = 0.84, RMSE = 374
kg/ha)Eth =9kow, R*=0.90, RMSE =287 kg/haS 7]
E51th(Xie, 2022). IAREEAY WollA= FF vl ¢
A= AAIEA] 949k o L, CERES-WheatE &85 2
A A o] FYst= 4l LSTM dE|ndS &85t
R A% B9l el AU AN 4ITE B
o1 H7FECHXie, 2022).

Kheir et al. (2023)2 APSIM NextGen< ©o]-&3d}o] ¥
ko] Bk JEY AEE /5L APSIM NextGen
Ddo] ZEEZA| = s Fiarles] U, A3

o |o 19
bel TR
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52 ZFsto] d3AFEE A 5 =l
olHZ )R PBMO] 4t ERES A EolHAE
Willmott d X|4=7} 0.899(14] 0.952 FAE I, A= &

=9 AM-EFFE AAY7LE AL W S8E 5 A
= lth(Kheir et al., 2023).

42 59 £2-3F HIt 20}
=9 S04 "] 2 Y (nonpoint source pollution)

O o

oo
FErd Be I SRR} TRt aw
Ajo]-§ Me4E AR 5P7] HEo], diii Aol
= 7o g 3 AlUE e 2A42 dAbH]go] Hlg E
oo wet L A %% BMS| AlEF°]Ad HlolHE&E
53t WEt R dS &85to] ALt a8/4dS RSt F
2 {}a?ﬂ%k(BMP, Best Management Practice) =50 &
85137 QJtH(Table 3).

Zhang et al. (2009)2 U]== ZA|o}F9] Little River
Experimental Watershed (334 km?»)%} #AlH|o]Yo}59)
Mahantango Creek Experimental Watershed (7 km*)S tf
JOo8 SWAT 2E9 167] 4l wi7fsi4: st o
98-S ®@715ta, ANNZ SVM (Support Vector
Machine) 7|8t WElZES H|wsl¥ct AF 23 SVM
o] ANNZTH Qitsh o] Egtom, B Aol S0}
3old TALEE B dfeinds] 4 sugos
W, B A0 285 AL A7H0] 20~ 35% B
Fanslesl=

Azzellino et al. (2015)2 o|&&|o} HUx|o} 35 FY
(1,952 km)S TIAFO 2 SWAT REL L&sto] 87 =
Q ALAL oty 1767 2893} 4,855 HRU ©9
2 JYEH H5E ANNY St 53892l MLP (Multilayer

L gojR - MBI - AT - 0|FE - OHE - LS

Perceptron)2 SHFAIZItE. A7 23, H49F Q1 F5to|
st 2d 71 A 2 XH(RMAE, Relative Mean Absolute
Error)= 22} 4%9} 10%2 YUERGO ™, MLP HEO|
SWAT 2342 oF 00% ol4fe] ML HAT A0
WISt B SO oS QA BF 20~ 40% 5
Fol 233O0, SWATY] BT B AL Al of
PEEg olggto R AL B4 £aX7HE & A
Aol 5 % 2E0R BEAAL. oY HLL H
B Hjete] B2 HlnE AN 2L FhselA of
of, Yelmelo] 4 oA o] 4 TEH % 9
&2zt
Choi et al. (2024)2 TjatTIRo] =3} o] R Q=g
B7¥st7] 918 APEX HES 7|Wto & Sh53t v g 3
A 2dS Tk AR dSARE Ve HA
QF APEX ZEE SEHolEE AT H, olE ©]&9
Al S FERE FHdS AR 1 A, diE(
ehEgol RE o] A4 30 Bsjo] 0.53, el As
= 072, 29| Q1 {5 0712 7= A9 7+ ¥E=
oz Asigion, @ Ju AZish AlLdo| s
Atele Hel § 4 2 ool B B9 ATE AT
9t} o]= APEX RYL2 AA =0z £ o]
4 2R ARS Yr1Ho BET AeA, g

olr

2L

g ‘E%—c}—_ A ]7} ZHL o9l 7 AW AE Al
3eE £ 9Je
=0o= T

E=AR A oaEHE ANN,0) &S EQ E) 35t
A B4, 714 27, A4 9, AE YSHA 5 0SS
[Qlo] EgH o7 2g517| o] A1t ¥MEAdol

Table 3. Representative applications of surrogate (meta) modeling for agricultural hydrology and water quality

assessment
Process Computational
Study Scale Focus Surrogate model Accuracy .
based model efficiency
) Reduced uncertainty
Zhang et al. Watershed, Streamflow & R® = 0.834-0.996 (LREW); Lo
. . SWAT ANN, SVM analysis time by
(2009) USA (regional) | nutrient load 0.728-0.941 (MCEW)
20 ~35%
. Hours—days / scenario
Azzellino et al. | Watershed, Italy | Streamflow & B
) . SWAT MLP (ANN) R® = 0.90 (N), 0.97 (P) — Seconds
(2015) (~ 2,000 km") nutrient load
>100x faster
; . National map
Choi et al. South Korea . Nonlinear ) . .
X nutrient load APEX . R® = 0.53-0.72 generation within
(2024) (national) regression ML d
seconds
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Table 4. Representative applications of surrogate (meta) modeling for greenhouse gas emission assessment

Process
Study Scale Surrogate model Accuracy Computational Efficiency
based model
. Polynomial regression + )
Perlman et al. | Global (0.5° grid, . ; R* = 0.91 (Wheat),
. DNDC regionalized . 45,000%faster than DNDC
(2014) ~22,000 sites) 0.97 (Maize)
meta-model
Giltrap and National NZ-DNDC Multiple linear R? = 0.69 between DNDC computationally efficient for
Ausseil (2016) (New Zealand) regression (meta-model) and meta-model outputs national-scale upscaling
Regional ANN surrogate coupled ANN reproduced 99% o .
Nguyen et al. . S L ~ 10"xfaster (6.2 million
(Colorado, USA; DayCent with multi-objective of DayCent variability .
(2019) o ) times faster than DayCent)
290,000 ha) optimizer (R* > 0.99)
. R? = 0.893,
Lugato et al. Continental Random forest
DayCent RMSE = 0.27-0.59 kg N / ha| 11h (24-core) — seconds
(2017) (EU-27) meta-model /
yr

o] At o2 s HiEATE APESH] {1t @ 7]
v A7) BUEEgE B2 ARt BlEs 8st, =7t
4 & &9 #iEF Aol 224 Aofe] wE
O]Eﬂtﬂ- 34 ]§ E2317] €3] PBMQl DNDCU} DayCent
ot diE|(dEhz2do] At

o]r—,ﬂfﬁ @]—__'—9,] tfEHQ] AHE, Giltrap and Ausseil
2016/ FAAE BEANH N0 E 94 2HL
913l DNDC 2d 7|5te] 3] AY wetndS 7otk
OF 10,000749] W5 7]uk AL}e] Q.2 o] §3ko] E9R87]
B, AR, WA, AN 5o 94 g W
£ SeAI AT R oF 0.692, 517 7] ok o]
NZ-DNDC 312 5ol Adsiaos, 1% dol
Quks} e A T84S S elgich. 2, Perlman
et al. 2014)2 A AA F8 FEAN(E, SH)E WA
©% DNDC E&g& th53]7et RF 7|5t fi2j(Heh LD
2 Tesfstaith. oF 2,800719] E9F {33 ohdt 714
AlB] AL BHdgE A7, 7 A44E R7=0.91(Y), 0.97(2
FPE 2 ALEE gEsI o, AAF N0 HIEA]
T AL 45,000 B9 £ &2 ZAAT 4 QS wHE AAF
582 Srjssiah

E3L Lugato et al. (2017)2 29T AH9 5HA
9F 20,0003]4& WArCS®E LUCAS (Land Use/Cover
Area frame Survey) EFZA A7 e} DayCent ZES 2
gsto] N,O HiES & 912 AlEdolAstaL, o] & 7]yt
og RF HgEHEHhEES FSoHH. Hegrd
DayCent 29272 R? = 0.893, RMSE = 0.27 ~ 0.59 kg
N ha'! yr' 202 Z&@3}9ct 247.0] CPU AHE o]

239) 11,628 A|H % 581,4003] 225 4Pt DayCent]
Ao = oF 11/\]7‘%0] 2 9= O}, Random Forest &L
do 31235 AO AA A7 Fr|Hog k&g 4 Q)
At olg Bl 4Y AU WEY FHLES VY
T2 &g 4 %on, CAP (Common Agricultural
Policy) HUEE 4 =71 2A7IAS A5 o &
& 7Fstt 7|92 mhshT

o]& Nguyen et al. (2019)2 v|= S22tk F9 54
A (2F 299t ha)E A4S 2 DayCent &S Q1541 HT
(ANN)L2.2 3}535to] tigj(HEh R d2 F53H3Ath. ANN
2 DayCent 52| ©549] 99 % o]AHR*>0.99) & A&
A AUSEE 625 10 B, ol 2
4 023 A19 9L 42 ) 29T 5+ Ao 0|2

S FFAH W 59, \_’§7V\ ’\;f—-liouﬂ 5= Al
AT AT AEA 0] ThsE HolF

39,
0

5. % U B2
QT HE Tt Tele] B B |5Het 9% 2

ZHQ,MJ gr1e 1xskelr] Y, 879 l(Process-Based
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