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ABSTRACT

ABSTRACT

With global climate variability intensifying and constraints on agricultural resources and
the environment becoming increasingly severe, accurately revealing the spatial heterogeneity
of crop yield and improving yield-prediction accuracy are essential for ensuring food secu-
rity and advancing precision agriculture. Focusing on Australia’s principal grain-producing
regions, this study integrates multi-source remote-sensing, meteorological and soil big data
and conducts a systematic investigation along the main line of “spatial-pattern identification -
prediction-accuracy enhancement - heterogeneity quantification.”First, a geospatial machine-
learning framework that combines spatial autocorrelation with spatial stratified heterogeneity
is constructed; together with automated decision-tree discretisation and Geographical Detec-
tor assessment, this framework forms the geographically optimal zones-based heterogeneity
(GOZH) model for identifying yield hot-cold spots and their dominant environmental factors.
Second, the concept of second-dimension outliers (SDO) and a multi-scale feature-extraction
procedure are proposed, explicitly incorporating local second-dimension spatial anomaly in-
formation into machine-learning models to address the limited response of traditional methods
to extreme high- and low-yield areas, thereby markedly improving prediction accuracy and
reducing error. Building upon the SDO concept, a second-dimension outlier-driven hetero-
geneity (SOH) model is developed by coupling decision trees with the Geographical Detector,
enabling the quantitative assessment of single and interacting variables across different spatial
patterns. The model is applied to wheat and barley yield data to examine its generalisation
and transferability. Through multiple comparative experiments and cross-validation, the pro-
posed approach is comprehensively evaluated with respect to spatial partitioning, prediction
accuracy and heterogeneity explanation, providing theoretical support for regional crop man-

agement and sustainable-agriculture decision-making. The main findings are as follows:
1. Identification of spatial differences and determinants of wheat yield

Using the GOZH model, spatial patterns and heterogeneity of wheat yield in the Aus-
tralian wheat belt for 2015 -16 and 2020 -21 were analysed. The model automatically de-
lineated four geographically optimal zones, substantially increasing inter-zone explanatory
power; climate (temperature, precipitation), topography (elevation, slope), soil (organic car-
bon, texture) and vegetation factors were identified as key determinants of spatial yield differ-

ences, providing a scientific basis for zone-specific management.

111



PEAEAIRBHR S 1 28 S

2. Improving wheat-yield prediction accuracy with SDO

A second-dimension outlier model (SDO) based on spatial anomaly information outside
the sample points was developed. After introducing SDO variables at different buffer dis-
tances, the five-fold cross-validated R? of the support-vector-machine model for wheat yield
increased by 33.9 %, while RMSE and MAE both decreased by about 20 %. These results show
that incorporating local spatial anomalies into machine-learning models effectively compen-
sates for the limited response of conventional methods to extreme yield values, significantly
enhancing prediction accuracy and robustness.

3. Development of the SOH model and its application to quantifying and explaining
spatial heterogeneity in wheat and barley

Building on the Second-Dimension Outlier (SDO) concept, we integrated decision trees
and the Geographical Detector to construct the Second-Dimension Outlier — driven Hetero-
geneity (SOH) model. In the Australian wheat case study, the SOH model-—when combining
spatial outlier pattern variables (SOPs) with the original environmental predictors (Vars)—
achieved an overall explanatory power (PD) of 0.688, an 8.3% improvement relative to using
Vars alone. This indicates that coupling local anomaly information (SOPs) with environmen-
tal factors substantially enhances our capacity to quantify and explain spatial heterogeneity in
yield patterns. We further applied the SOH framework to 2023 —24 Australian barley yield
data, where the overall PD reached 0.732, representing a 6.1% gain over the baseline model
using only original predictors. This cross-crop validation demonstrates that the SOH frame-
work has good transferability and generalization potential, and can be extended to multi-crop

precision management and regional sustainable agriculture decision support.

KEY WORDS: Crop yield; geospatial analysis; yield prediction; machine learning; spatial

heterogeneity
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Fig. 1-2 Export data of Australia’s wheat production and its distribution.
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JE, FE S S R AL EAE O AR AN, Bz R S B B AR
Zr b, el g kg BE TR R e B2 22 RO SR e, 2 i ok T/~ s
[E) 3 AT R S A T EGA, R AR SR S R G B2 R R
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23 [A) S PR IR (R — IR AN R U PR B R IR 22 e S — 1, Hin b7k
211 7 M ST A LAy o2 > - SEiT R A IO BRI S2 48 <F n.d.; Fletcher 2007; Ko-
lasa and Rollo 1991). 75 LIS 2% B0 175 5145 o e I by 222 b o
23 RS T TR R, (B EREAR I N 2 s 4E 80 SZ R A B (Jalali et al. 2017;
Petitti 2001). [fi)5, E:T 23 RACESEMH) Moran’s 1. Getis—Ord G* 5 LISA i 6 £
B 5B EH T T Bt (Anselin 2019; Peeters et al. 2015; Thompson et al. 2018); H#iFR AT
[F]JH (GWR) KHZ RJEY R (MGWR) #t—L i a2 8B =S R B AL, (HIR
s B MERI o0 REIZFR O S5k 55 2025; Fotheringham et al. 2017; Li et al. 2019),

AR, 23 A A AL (SLM. SEM. SDM) ittt S48l 5272 W . fE
s B A a2, (EXAS R UL S B E 1 E BN B (Ale-Kajbaf et al. 2024;
Jeong et al. 2022; Sarda-Palomera et al. 2012), HiFEIENZ (GeoDetector) i 7 747 fid
HEERM D ZRIE, TR, T TR - BRSK S A 19 e )Pl (Hu
et al. 2020). ALe"7 T SEEHES) T FEHLARIR. BBIEHE TR BRI 2800 2 2R 2l 5%
AR, ABAL G i S AR BRI E Aoy AR AE, /D Rt R T 2
R 25 ) i 23608 (Georganos et al. 2021; Xie et al. 2021; Zhu, Yang, et al. 2024), [E 4}
FHEITIGKBZ EER WERMNG S EAEM S, DR BEHRTNRE: BN

LGNS REMNGETT TR IRV B AU LA GeoDetector,  £2T1 X5 R

JE AT N A R RE

SR, BUA T AR R AR S« Bk 22 RUBEAE EURIHE AR R P 55 Y0 2 T 47 7
FEAS JE(Song 2022) . FRARAF S~ (] H AH < Bl Jr b [l I XE AL B AR B s 4E 554l s Bl
o SR BB UG E, H R XS (A S B A RS R 1 GeoDetector £
JIEAEAC A 28 LA TN SO A2 Sk i 5 KU BOE R (E 2D, 1R 5ZR 2017).
K, R ARG 2 A gt A Ml SSRGS m b S i R aE 52 B Y
HEZR,  LABHE A1 220 I R A 7 b S BRI 2 1 2 1) S o o

i b, A JTIEAE T R A 2 RUSEAT AR R P 5 Y00 5 T A7)
FAEA R, R IT R RG2S BT Al ST JREMELG 5 R i R FE U
HTIUREZE,  DASE A 1a 2 R e S I 5 ) 25 A S o

124 NEFENZTERREST

RN/ N = 1 [ 23 ) 22 S 0 TR 2 e ol o A0t 7 M 4 TSRS ) e ELA
%5 Y (Hernandez-Ochoa et al. 2018) . T AWIFEERM, AMRFAE LIRS
LS BEL W R SVEY BT, FrREAE R ORI At i [E 52 (Diacono et al.
2012). [Alitl, TERIEIIKS/ N i S A 2 R R 2= AMUE BT SR E , b n]
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R DX 5 DX 3k NAE A B W R A R AE B SO 4E (Lv et al. 2023; Zhang and Li 2022).

H A2 A Z M IEMNARME G/ N BN EE R, OSSR 2H
WAL S A e 23 () 43 B S BT )5 s B, 2[RI A AR T T 1Ak
AR A PR A BN/ INZE e A ) A B S ML (Min et al. 2014) 5 w0 B <46 {E
SEE A I BN R 2 A B 8 2= T e AR L BRI R AR EE . [
AR ST RE RGN, Plae SRRt Es AR RS AESR S 2R T
TERCRE ST, fEAOl SRR )z .

AR, Z RGBS BN BTk — 2 A, T R s
XA AR AT, IS BN SRR, SN ANEL. BORS TR 23 (8] 934
(Luo et al. 2022; Zhang, Li, and Song 2024; Zhang, Song, et al. 2024), HFHEL M LS /7%
(Geographical Detector, GD) /& — ety 23 (A 53 E 5 it A 71, it w2
DT 220l 8 SRS S A 3T Wi B 2% 1 () R /) (Wang et al. 2014, 2010), £
12 W T RO AR T 22 S EBF ST (Chu et al. 2019; Hou et al. 2023; Zeng et al. 2023),

1E GD fERIELRE B, 2804 B EE N #5457 (Optimal Parameters-based Geograph-
ical Detector, OPGD) 2% Jg | 25 [ A B R 25 [0 73 2 B il 5 RO It 7
B AN SEEAA GIETT T 28 AR AL Ty M (5 22 R 1 5 A% (Song et al.
2020). filhn, ZA T4 A H E R KRR A LR (SOM) 2 i) 53 A R AE A
HEFAE (Livetal. 2023), FHRBS TR NEHHE R A7) (NPP) HGKZh A - e H:
X HAERHLE] (Zhang et al. 2023). $ATM, OPGD #5811 E 23 [A] B HOE FE - A 78 70 Z) 1]
M 17 A5 et ) 23 TR AT RRAE BRI 7O R A S Wi 7 A8 1 50 AR AN TR AN B o

NRAN B AE , Luo S AN$2 i It 5 X 7 B A (Geographically Optimal
Zones-based Heterogeneity, GOZH) , i85 Ak X3 E) 2 5 B/ IME XKl N 22 5, S8
S IR IR0 IR T 2 A8 R AR A S B S e vE 0 A AR E 1 (Luo et al.
2022),

/N e S R ) BRI R AT Hg o UK. B—RE R R, Hisid
AR BT R T8 B X AT SRS B, RSN X R A28 ) S iE# (Fan
etal. 2018; Wang et al. 2018); 25 " JS IR AR, HEM 5AE. (8. HIEED AL
HAEM, -kl alFfr st S= 0 et g . KR
FrRE I SRS, RS2V EM A 577 904 (Ajami et al. 2020; Chu et al. 2019;
Luo et al. 2005); BV AFAIEN 2R, RS I BEOR A RBUE IS 2 A VEYI AR B
AW s S IMNE, HEREIE 57| E 24k & (Hodson and White 2007; Sbahi et al.
2018) . BREAAZ RN AL, BT RITE 242 B (A 2 2838 HATE M (Ajami et al. 2020; Jiu-jiang
et al. 2022),



AN, /N R A3 () 2 e sz RSN B & 520, 4%k H RUEE (Kravehenko et
al. 2017; Mao et al. 2021). 3 X & (Mao et al. 2021; Richter et al. 1998). [X 1 K & (Jin et
al. 2022; Xiong et al. 2008). T KX J& (Fuetal. 2021) A48k K & (He et al. 2022; Porwollik
etal. 2017) o R JEk 3 25 [RIFOR B RE G R T, AN RE 42 181 21 18 AR5 A 200 7 e Y 2 Wi
WP HELO B B BUR R E SRR A o

RUEERTE CBURE 2t (HAERRE. SRR =T, D 25k
o DABCRAN B, HublE ™k, e HIESIEER R, SEUN B
FEIEE =P (Fletcher et al. 2020; Orton et al. 2018) . AN XHiX—& 2%k, A CH]
AN GOZH #i84, DAGRAMERAR I, 22740 s fily M 25 (A1 MRS S5 TR, SBl o B
B A7 BAEHETR B 5 23 [E S M AL A AT (Hu et al. 2025; Luo et al. 2022).

125 EFHR[FEIPMEFER=ETN

23 (RTINS A T MR R e A 25 [ (A2 [ . o Anisestls A8 Sk S
D) AR TR BT 2 TRITNAE 21 s A SO S, AR Bk
Bl W E R MBS i At fOlE . SRR FNHR S 2 @ 5% (Din
and Yamamoto 2024; Jia et al. 2023; Jiang 2018; Lu et al. 2017; Sen 2016; Zhang, Wang, et
al. 2024) . FEAE MBS 22 R EOR BV A& g, 1 i 2 [ AR A B R, ik
TR STy 3% (Mishra et al. 2017; Tian et al. 2022; Wadoux et al. 2019).,
I B AR TR IS S s B M, X8 IE REMS A R IR B 1, AR e
BT 25 SR AR A B A 23 1) 2. (Vicente-Serrano et al. 2023; Yin et al. 2023), =44
F) 23 TE) P B AT B T R B G O B A, $RTHR SR SR RE T, FEAN R 4TI sE
F& 1N H] (Ulloa-Espindola and Perez-Albert 2022; Vicente-Serrano et al. 2023).

WA =S RINTE AT R M EA T L, & B

B —FONAEAS AR (Aspatial Models) , GIHEZEEIH BENLARMR L RS it T
5 lan > Bk (Georganos and Kalogirou 2022; Taheri Shahraiyni and Sodoudi 2016)
X7 IE T AT SS , (HGE 2B 23 AR R, SRR A [ AR il e
5z R

B N A AR (Spatial Dependence Models) , 415¢ 4 {E 23 [A] DU
JE LS 55 i PRI AR (Strandberg et al. 2019; Wu et al. 2024), iXEET7 G230 H
RN S HIPRIFAE, BRI il As Sk

B =N A R PR (Spatial Heterogeneity Models) , AAFT7 A W HFR NI ]
H (GWR) NHY B (Harris et al. 2010; Tan et al. 2017) . 1% J7 i8R % &
FE25 A L AR R R il S o

B RNEE THE 23 [E] B (Second-Dimension Spatial Association, SDA) , 1%
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FITEBA ARSI G R, $2HCR B R AR Sy 58 48 AR, DAY SR it
A5 A BEVR 2R 23 [E] 542 (Song 2022).

BRI N HIBAR AT (Geographical Similarity Models) , iz Il e i A7 # ]
FAEAATE SR HE T H AR AR i, Sy 2 BT St REERI TN )5 ¢ (Song 2023; Zhu et
al. 2018) . iR &SI YAAEZS [N R 43 A RSN R B, R N B =S (R AR TR At 1
IS SRR

23 (A B A E R M BB i W BL S, B RIS E (W B (B AR 4E 1R
(Nirel et al. 1998; Simdes and Peterson 2018; Tang et al. 2023) . X5 i E ] GB35 )4
Z 23 AR AR, ANZelE/ARZRNE R s A ST S, L AR A
M43z 214 (Berke 2001; Kim et al. 2016; Militino et al. 2006). 23 [a] BURHHE I fFZAEAS
BRI AR, B (02 AR R LS RN T SE . ST, S (EAR B A RE S Al v
KA BIFIR A B A I S S A LS (Kim et al. 2024; Sun et al. 2019; Yang et al.
2020; Yujun et al. 2019; Zhang and Yang 2019), S{&& R EANA, 25 [0 B RHE S
AT f R ER LB R BT, HoaR A S A B FEOS T HE FHTIONAS FE 22 ¢ EEE (Araki et
al. 2017; Baba et al. 2022) . AIEHIEEHERAR NP ECTEE) RFERE REER
R[] s g/ HCARTET R M AT S A R 23 1 (Sun et al. 2019)

IRA BT X6 23 A O A S AE R 7 ¥ AR LA R L A (A5 SR A i 7 %
BT AR RG24, KM cross K BR% Delaunay = #4337 /U] 5K
# (Shi et al. 2018); Moran 3% Zf##Ae | (MSOD) jiiid 2 [AIFFAE ] 10 20 AT 15 4% 48 S0 A
FR S5 (Wagner et al. 2017); DU 22 k4% (BNNs) 28 AN @ VAL SEanT
SEEOUI AR (Liu et al. 2010); WA 2SRl sk TR Z 08 Al T T
Z A 25 TR A B HEE (Wei et al. 2004) ; T % T4 288 23 (8] 445 , Pair Correlation Ratio
(PCR) s# T i B A SR SR LA R B (Liu et al. 2014) . IXEEZHEL
TIEAEA RN s o S Rt T AR A,

JUE TR & R, SRS BN A E 2 A e H9E, RS ARTTD
&S B SR EAETON R EEE, SEWURZE. FRMRA S 22 . H
U, Rz SN Ty BB R SR Y A S O DT R RIS . SR, BUAROBRLAELE
JABRTREA GG, ARREFE 90 M AR A DXIB) 25 [RIME IS, B AR v (B AR AE A T3
MEESI 32 IR, 52 AR ) 52 I S 2 A e

1.3 R L= 0] i

FEARBRTURASA AN FHRFAR LR H 28 MR IS 50, RPN 23[R 504 &
UM S RS . ELAR Gt 32 20 AR S 5 0™ DX O T A AR 5 R IR . [ 58



PREEAR R 2 A HHE RGO R ARG BLSERT R, A SO AR LA SRR 22 [ T AR
ENGIEE

(1) VRS 2SRl e Y A LR e 325 IR 3R ]

VEMI R 23R A1 52 22 R H AR IR S S, JOR L= 2%, =tk
B WAWFRLSET AR RR AT, e 1R 2 w70 )= 45 AN RS SRR A &
LRIl R FE YRS 23 [ A PR PR DORFIE Y JE F A HEZR, DA £ 5
PRI IR AEAN TR 25 ) BTN F S o T ik o

(2) 3 [ LA IR r feg S A i X Il M 2 7/ 2 [

2 B RV R A L2 SR A 32, 0 B s R i X (A i el
FRAED MR RESIRLES , MELAMRURS B SR . A B a5 I AR RUEA SN 5 )
FARE, yRAMILar A I D AR R R E PRI . T NS LR 5% 6
ekl

(3) ZUEIRIE IR 7 HE A BB T A9 2 R) S i 58 20 -5 gz AL [

SORMBIING T, Y R AR W BIESERSE 2N IR LR 5y
2 RUEZS A ZE R R . A T A2 R FE R IR IR A L, SR by
FEJRIRTEAL . HELVRRA Al AR b [R5 B0 =S [ A e PR oo ik s[RI R 2 Rl
RIRT e D, B BAESKIEEBIE SZALRE MR REIE. &
ik MhREAE R (D) 2V 2 PR R AR S B A =S ) s, 9 (i) A2
VRN X IR PR35 ASUE MARE 1 S TG PR RE A M B 2 R ERASAE 2R, DASCHE 22 MRRN X
B AL R

1.4 MRABTSHEAREZE

141 HRAR

ARSCEGERAR FERE =X, LWEY = a2 R E L, 25 R
T LA =2t aE TAE:

1. 23 [A) 28 Sk iR -5 e IR 22 4047

TR A 2 8 HAHOG . &S )9 2 5 TS D s i () B 2 () AL 2 SJHE 2R (GOZH
R L) X /NZE P B A - SRS R T, FRE AT AU . . MR
G2 AT R 7 N H AR BAE R 5 23 (8] 2= S A o ik o

2. 9 A E R (SDO) B shAY 4 [l T 77 i

RS R E RS, 2 RER X 20 e R BUR R, B Rt Es
BEE AN SRR, FF% SDO-SVM Z (A1 TN 771, LASSHE AL S R AE AN ik
AR DXl 57 S A2 1 Jg PR T 12 v B AR T ARG 2 o



PEAEAIRBHR S 1 28 S

3. S AR R S s g

£ SDO Mttt b, RG-S BN &y, 1 28 28 2 S gk sh i S ok
FALETE (SOH), SEBLFRN 7 S H A5 MANRIZE A A 23 AT BOARRE e Ae
For AR /N SR ZE s . Sk s E A IE S A RE

i B = AR, eSOV T A TR e R — BRI B T — S Pk
RIS ROR R, O DB R LS T RS RO R SRR A 133 A i R SR S ERAE

P

142 FAREE

AT L Va7 i — S o T — L M 2 A, A T i =
PR B AR 2 (8] 1-3) o 274, FEIRBI/INGE P B as () 25 S0 M v s TR SR e
., XA FE N AT RS RN R S AR, e vk T R 25 2 R 5K
55 LISA H9Z3 i) AR CREAMT . R AT DB K R e (GOZH) Bl Al B R -
Tk XBRZE RN A HAR, Bt 5 OPGD Xt i e it /1 (PD) 1. Hik,
RS 2 R 25 TN 7 S berhr , RB M SE R A i, IR E S B X AR
TR (SDO) gt HEE SDO-JRENIN & BN R TR, 45428 LIE 515
SRR o2 VRSB RS TR T, 45 = RSB As — 28 i S IR 30 2 AL R e bk
iR, BT SDO HMES, $RIGE 228 A S it (SOPs), 4 SOPs Fil \ esfi -
FEEEMIRRAERS, $2H SOH BRI, Xb/INZE P s it ZH 430 i 30 T AR e ok
THERM R, FE 55T RER T B, 4 —HEALT B 2 KRR, 52
JETALFE. SOPs #4 5 SOH BHMLAMT, KIS HIAERFEEMRIEZS X AR 2L gE
SRR S ZS A1 22 FAR B TS EEAR TS S R, TWIR TR T
TR 2 LR SRR, S R S B KT FR e ARt T RG A
T
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PR M- R E R BB F SOH # 7 51725 i) S B 1k J A 43 A

Bl B 5 TAb R AR R AR S (SOPs)
T e 27 SRR B B AR S BB AR ’ AN A AR R RS
A A AR AL ARk Y 25 (] 43 A LEHARWRES AR
4
B 1-3 HARMEE

Fig. 1-3 Technical roadmap.
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BE MRBESHE

2.1 ARRSHEZAER

INEREHRETENREEYZ —, i E R S MEeE S EH Ay, e
SRR E 2 B B EE Y (Food and Agriculture Organization of the United Na-
tions 2019). HAFITE R G | SEF /N A P AT 12— S o AR Ve
S5 EH BREM . BSR4 R (Australian Bureau of Statistics, ABS) %4,
20202021 AR /N FE TR ARGE 1,264 T3 000, 776t 3,192 Jym, [HABRE
72 5% (Australian Bureau of Agricultural and Resource Economics and Sciences 2025),
FPEHER RS, (UK THE. BIE. EEFIMH S Hr(Australian Export Grains Innova-
tion Centre 2025). VAR AV AIBTIRATT R (ABARES) ¥EiE R, 2021 4FH i
1K 2,500 Jym, (HAREE L) T1%,  deEk/N g HEGR Y 10% /245 (Department of
Agriculture, Fisheries and Forestry 2023),

oy m— ) Fa .
0 1000 s/ |

NT

WA

Average wheat production (t - ha)
e 0.07-0.56
» 0.56 - 0.80
0.80-1.08
1.08-1.48
® 1.48-241

| Wheatbelt boundary

B 2-1 2021 FRKFEE LGA RBAMNEHNEFZERESTE S .
Fig. 2-1 Average wheat yield and its spatial distribution within Local Government Areas (LGA) in
Australia (2021)

12



BoE WHEEIRS T

ARFFERAETWRFN /N ZZ T~ X (K] 2-1) , WREEHed jd/R M (NSW) 4
ZHMAN (VIC). B2 (QLD). R RN (SA) S PHHAFNIM (WA) .
IXEL AR A BEAGER . HBRFE 2 HHEEIR, ol =i, KI\REEE
WER/NEF . RN R 7 BURF X 88, (Local Government Area, LGA) {E %S
[FERTE, 56 EEYR S = B T R - m i = R ZE R KSR =

AT IR RN N 7 B ) 25 () AR AE M LG I R 28, o A 28 1 Y K g
Az AR R AU TR PR AR . IR LU 1 ERJE T Google Earth
Engine (GEE) V& MAHSCEHAHLAS, AnBRN-H IR S0 (ECMWE) o KA
WG (BOM) SEAFNE RS s U A% (SLGA) Sfo EVARZERMEZERI 1< fi
Wi BRI S L TR R, a2 RS S i A P = £

IR RS AN R SRR PEANEEE ST IR S TR SRTESS

22 HRAE

221 =Z[EIBEXSH

23 6] B AR R M AR R IR G A s ] B R SRR B HUREAE . RIHI M i
17245 ik 7. (Cliff and Ord 1970; Dormann et al. 2007) . & A ZRIE R0 D22 m5a =
8% (Moran’s 1) F1J&E#R23 18] H fH< %R (Local Indicators of Spatial Association, LISA) .

Moran’s T J T 3PAG B 58 X B SRS [ARRAE B MR IE(E, Bl e
EaEs AMESIEGARE: MER RS IESSHE T, R0 mRan®, W
SR EBENL. R A Ul E IS BIREAL A S (NS R Eie) Pk B, L
B IR IR BEDH Dy LS 45 HY (Kelejian and Prucha 2001).

LISA (J&#) W—E2g e 8 TBURITCZ I, PRI R (R E-=ED % iU (K
H—RE) DO B (EE - (KB RE-&1{E) o LISA 25505 DAY G IR 14 5 7.2
PEHEATARAY B 30 Jey il S et Jrg M L W08 DX, o T M B R T N
ZL(Anselin 1995),

T HINANFE: Moran’s THRAEZWEINT, T LISA #/R O A A2 . 4566,
FIAEE PP R AR S R S5 MR R I, BUE R R IX B R X, e SEpI R Sk
o 1l E 24 E o Aiti(Bivand and Wong 2018)

222 REWMAIE

TR (Decision Tree) & —FhEET B H > BB IESEETE, WAEZ4ERMES
[N B3R R —E BRI RIS . HADAE . WEIREdREH &, 1K
YOI I RESR T X B 22 Sy B AR 1 Mo MR, A REAR KI5 R Btk BE s i e 18R
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MR T R IZIERE, HRIRRITO AT RN (s MEAREL. SRR
BE 4G BE) (Song and Lu 2015). i iXFE 24057, PSRN REGE LA Z MR X
AT T, 1298 EYERHE Sy A 2 R E 4% JE&iE R R, IFEI = A =
TE e — 2R 3E T A PRI SR U0 X I (My les et al. 2004) .

MT 2 A EAN I, R E AR AR i (B ARR #TE . AR AR
R VMBS 24K, d S KA XA ZE 5 S/ M DX 225 B A U528 I 4 [X
T ARG — RN B E BT SRS B 2SR 1X, 7 (8 e S X P B AL
P BE(Navada et al. 2011; Suthaharan 2016a) . 5{&4ekT HI{EE A 45 73 XA JTIAAEEE,
RS B A LU

cHAERIS: TETH RS E X BB R A A, PRI A S8 04 il RS

)53 X

“fm ATARREIE i B S B RN T AR RS EE 8 T B S i AL

S AIEN FR

et SRR fEH AR R R R N2 TR, TH TS 0.

“BRE S RAGEE: SRR EARUR, FEHTESAL R SOR G BHE;

W BN 2 2 H U TR G

A IATY R SR E R BRI, AR IR T I TR 2 R

B, SIS R ER .

FEE _ERRRE, BTSN B 2 R R 9 J7 38 2 M TAESTIREX R A H
BRI BRI By X U R SR iIal, RS HESR SRRt 1A R BRIk sh T .

223 BEHLARHE

BEMLARAK (Random Forest) & —FpsitRI i EEpk a2 >) 7738, HAZD B miT 5
KA AH BN S50 22 1 I PR SR SR TSR T 14 585 32 {1 §E 71 (Belgiu and Dragut
2016; Rigatti 2017) . 1T 4E48 (bagging) 5, RIAERIAYIZREE R H B BihAE (boot-
strap) AR DA BEENEARN TR, AR I 2RI R AR R0 Bl FH Y
AR TREALOR S . A A S0 2 R AH M o XA R BE ML (6 15l AL
PRMAETNT = 4E s JELRME K W s 22 I BOR I P RE R FrAR 1 38 I . LR | 25 2R
I A PSR g T S (T 281 E55) BeRYME (HTRIAES) 153,
T S22 el D FEAAN 25 5 BR3P XU o BEATLER AR T T X BE A 7 2 2 1 AL R
Al AL B R . S E N 22 AR A, TR HARSME A (Out-of-Bag, OOB)
FEYIZEB BOHZ AL 12 22 T TC 1T (Liu et al. 2012; Salman et al. 2024), I04F, %E
IRREMS IR AL T E i A T R PR, DR RS AR R S A R i R R FR A T E A
FEAE Ty A RS B s A SR s S L3, BEMLARAR 812 N T AR AN R VR4

H
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PRI MR BRI LL N XS PP S5 2 e, Bl —
P R BB (E -5 SL B AUR A8 R &2 > J7 % (Rodriguez-Galiano et al. 2015; Segal
2004).

224 MHEEEN

YFFA AL (Support Vector Machine, SVM) J&— Ml TGt~ > IS & e i i B
ML 7 > HA OB AR 23 (A AP AGIE — D BB S KA FS 1) 1] [H] B% (margin)
() e R SFTRT AT RIIE 53 2R B 1Y [R] I 4 TR 2 A BE T o SVML 3B [ P A
KA+ S5 IR e/ MG TN RS AERE A A TR AP AR M (1) 5% A T AR SRR At
M7 25 5 (Hearst et al. 1998; Suthaharan 2016b) . 8% K% (kernel trick), SVM A] L
W N B R b 2 S e 2 T PR AE R RFAE S 1], A IAEIZ 25 A FR SE e mT 73, IFAE
JRZS [P 5E R AR ARGtk 73 R 55 o B R R AR A% . 1R K4 (RBF)
¥v 20 S Sigmoid %, AR R AR Rt 5 1y J LT g5 S s ROV F
FAEREZES, HEZIMBEREARIAEIRE DRI RARRA ISR, X
T AEEAE Y R I Y 1 LA RO/ NFEAF BE A, SVM B 2 W TR BB
REFEL AR AV E R BRI EE &2 /-4 (Evgeniou and Pontil 1999; Ma and
Guo 2014; Zhang 2012),

FEBENHS AT, SVM #EHET A= FF M & [E1)H (Support Vector Regression, SVR), H
O BAER I e ANEURH L K5 (e-insensitive loss) (RS 4ERIEZS []HHL G — 1"
BTSN AR AL, (ETUNNE S LS 2 [ I ZE 1F € YRR P IR 7= 2E 10 (Awad
and Khanna 2015; Drucker et al. 1996), iX—f/| | BE58 7 A58 X ik 75 F1 i (B A9 24k
FFAETE SVR LB A AR I B 22 Bl SR SR R P S I B S B o RS/ N —3fe
[FEANE], SVR A /A B S R PeE s BB RS SRR TCR, RIS 4t
/NFEAR AR BAT B A # 4 (Kavitha et al. 2016) . IH5h, SVR A Z5 G A FIZ BREUR 1
SCPRZGNME S ARG B A, ESR TN &3 5e i A 72008 RAEY) = & i
ity LA TR S S AR 2 I 0 S B 2 A0 BE A AE 1 (Brereton and Lloyd 2010) .

225 =ZEGERRMEST

2815 25 FiPE (Spatial stratified heterogeneity, SSH) 5% “ X N [E] it XA R i”
HYHBIRREAE , A L2 M T B SR i 0 (A R K Bl S I ik 5 X ) 43 o
TFX, HHESETRARTESER AT EZNESR, LIRS B R 22
S MR T (Wang et al. 2024) . 5 XN T 22 BER T AT 22, WSEBH S 15190 2 A %1
7R 7RIS R 2P R S0 2 AR AR AR IS B A A 2 (] R MR R B 55 AL
W7, TR B 248K Bl L] (Bai et al. 2023)
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HEEAMN S (Geographical Detector, GD) @& T4 H By —F & 4 #r SSH f =K
SHFRGI T H, HAZ O BARE AR 28 ] — B R 2 b A SR AR R A 1 Xof Wi 7
AR BN, W RS A] Y9040 BB AR EAA 40 )24 ) (Song et al. 2020) .
GD jELTHE Q (El i BT, Il IEAL 2 738 ELAE R RIE R R X 207
AN R X 2B, O M T AR, AREHE. ok~
o XA, AR 23 RS SR M K A £ 4t 1 TS H5(Ding et al. 2019; Peng
etal. 2019; Qiao et al. 2019),

226 BAFZEMNNE_HERERIE

B SRR TR I A RIS, REASUEE E R 207
ANE TR 23 R T 5 AUR A i B S 2 A& P (A B 2RIA%E . AR 7
BEESNNAR) FEEH AR, M@dt—E5 N T A SRR AR 7] /8 2L
FEAS RSB = AR AR B 28 R S S5 A 5 R DA ITIT A S 5 e e 24 R 2 i) 2 Ay 4 )
“OF 4R HHA R (Song 2022)

TR AR AT FEAS iU R [ — e Ve S A I = R R S EE, 1A
IREEARMALE W IE U R fe s, S — iR m AR R o WX A ]
25 R SR SR T 0T, AT DARE G B AR A AN SR 0 A A A, AT i T
e IR A R AR RN AC R TSI KT A A SR B 1, REAE B A AT Hb S
FEAR S B AR, B A FEA SR R AR AR e B i 7 45 & N A i Y
S5 AR AL ST A, AT CARERS B R AR RN AL ELAL Y H AR AR B A B 23 A 93
A HEAT 25 T T o

FT 8 T R O R R EAI ER SE B R IS LSV B A 2R

227 FLEEREERIPVERRERIE

OB R S EIK S 1 S SR A SOV BT IR S A S AR
) — o Y 25 (8] o A B R SR e i A AR AR o R i AZ O B AR 2l 3 40
FEA U TA B 28 R S 45 A5 2, X e B AG BTH E HOG S EE Fe bw , 2F
R i AR R, RS A AR S AR U T AL A P LA I O A FO R A AR R =S
A S PR AT R

BRI ZO 0 Sc B B 2 WA s N4 .

ok

t

e

23 IhE

ATEEBA AT AT ISR, TR BRSO RN, it
BOCRIL NP KA U LHOTERSE REFTSMT . 4570 1 RS
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BoE WHEEIRS T

PRAMTT 5 BENURRMOT IS SCRp LB % MR G 2 Tk, RS
/N2 BT AN 23 [l o A A e A BEE 1 3Rtk RIS, B 128 2R 8 R U AT
5 YR S IS B R PR, O s ) TG S i P A AR AL T ) BB AT
Jiike
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%

g RARXAI/NEFENREERRZRREZEEFE

AR B T T O X3 A0 e e A (Geographically optimal zones-based hetero-
geneity model, GOZH) , il AT /N P it i 28 [ IR T 400, R0 i
KA/ NZZ = i e Ve R 2 e s (A 22 Stk o 46, Il AR R /N2 7 R 4
A JERR A AR AT, WS BRI /N AR T 4 X I A 43 1] A S A
S EIRERFAE; Hk, MRS BTN B R M B DT, RS Ml R I
INEFERISEIE R Z . AT, 0iTE T GOZH Bl , it g s S8 =) 75 K
G /NEFE RIS X g, AR R IR S BAE X T/ N R A
A ZSIERNR; &, BEdSET RSN 4 (Optimal parameters-based
geographical detectors, OPGD) #MRIHEFTX L, #t—2 00Uk T GOZH FE 25 A4 2 7 it
P53 MR A U R

3.1 #EiR

BT 3R s G I A S oo (Geographically optimal zones-based heterogeneity
model, GOZH) Tt T AR A F 0T PR A2 et 52 M 56 2 8480 5 e P e 8 X IR
ZF A5 2 S P EAE (Luo et al. 2022), i3 /G X 1 (Geographically Optimal Zones)
FE SN I (B A PSRRI 58 DX AT 8 2 R 43 A5 H 7 X e 8t iR — X B 1,
VA DI, ko MR RE B R AL A 22 R/ A 5 S BME E B S « W& XIE
G BT AR i BB R IE,  DATR 0 2% DX AN e 7 A% i ) T2 B GE [ 3R . GOZH
AR ) B A SRR A I M LR I XS K1) 97, 400 5% X3 43 T M B AT X8
SR G AR R S (0 DX N 43 AR S AR, AR =8 SR 5% DX A5 N A (] M BR AR A X33k
H SR PTERAIE . ARG H S ] GOZH AU R TR N2 7 e Y 2 R 22 S 1k Al
Hh, HEEAHEZANIA] 31571

GOZH HRIZ5 G TR RER I 9, 2 A8 W A 38 B4 AT R THRERE 0 R R 1
P, el TG BRI N 2, RS RS TR R — D g4 fR
it =TT, HEZA LT (Luo et al. 2022):

(1) wRMHRZES. B/MEHNER:

GOZH fEI53 MR Fe UL B, BAERR i IR B9 22 Sk, IR0 XS HOAH
B, T BEA RO A 23 6] 53 2 5=

(2) WRIETE D EFHIRE R

M AL 2 N2 2 S B EUY, GOZH & a3 Rl B ak ik, AL T R
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BT YU /INZE ™ B PR RE T R 3R H 25 [ 2 ek

r-—— - - - -"—-"-"-"—-—-—"—- - - —-——-——-——-— - - - - - - - - - - - - — - — — - — - — — — — — — 9

| |
! ERSHITHEmALE I
| |
L R Wi 7 A |
‘ A — 7 ‘B I |
/R T BRI L p—— (% fprtmre R AR ) |
: (LGAs) H/NErea Engine (GEE) [ Bl A—1k ) :
| |:> 5 AreGIS {’ro |:> |
| GEET7VT I
| |
Co T p

************************************************

| I
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| | sesmg oy | [ w05y | |
I L I
| |
| |
| |

( amamamx | PR
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l |
| | STERRKESRERE GozH) | I
| |
| |
| |
| I

<+
[ wrmmmmbiey | | oes o mE N |
R —
| (0 7B A 4 R I
| |
| BT GOZH R TR KR | | PR R R R R |
‘ 2 bl By ML e P25 ] X b B4 FiR |
| |
e e
L wawsramzatmees |
| :
| IR M 5 A R o ST GOZH A7 ) T4 ) 25 kA T4 i |
| EE S (PD) 43T @RS (PD) 4pbr |
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

| |
| |
: | SETFRMGBHEONMAENE OPCD) NI | :
| |
I I
| |
| |
I I

L=
PIA BB ORARRE | | PIRMR I BAA AR BAREE | | 2016 &5 2021 4F GOZH A1 OPGD A5 e P4 e
J1 (PD) {HEI®TEL J1 (PD) (RIS SE B % PD {52 R AT

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

B 3-1 EFBETEPRFIRERFAXF T NE=ET BERREZINE R HKE
Fig. 3-1 Schematic overview of identifying the spatial disparities and determinants of wheat produc-
tion in Australia based on the geospatial machine learning model.

JEZELT B BE I AR R AL B e Al sl AT Al A7
(3) fem s EAF MR T 52
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LG I EARE AR TP B = R A i 2 IR S AR, B R A
X3 1 GOZH 1Y X 53 MIfERE /) (Power of Determinants, PD) ixif, {15248
LR =T B = A T AR WS L = N 57N D=2 = B T8 /18 8

(4) HH2m5 R R R E R e

GOZH [F] i 3 5 FRAR B4 M X sk 40 B6 A B 2 A8 5 s B AT, AR 25 ) 5=
SR T TE] B N4 T o

(5) HH AL GRS A5 B4 B SR fRE )

SEUEAT, GOZH [ PD E i = TAL G R RN 2%, o HR AR e i PR AR BRI
LML HASRY, GOZH AEMPRENI 23 [B) 25 4a 31 5 TR B LA

32 HRTGE

AREB WG I T — P 2 [ LA 7 S, T TR R/ N2 72 1 ) 45
H 225, PR R E T ZERZEE 8T AR B RHCE. SR ERR
TSR AT 715 . B 3-1 J@on 1T AT S BRI R, B PR 5
35, XWUERR AR AR TG, DA AT NSRS, XM AR (/)
TR HATE R HER SN, PRI R =20, TS RERR A
FO /N AR TTER s SEPUD, SRR RN/ N 7 e B R X3, XS I
TS BT, TSR Z A EAE N, TR X 5 B AR
71 (Power of determinants, PD) {i; 57520, il 5 o) — M BRI G IARLBEA TXT L
B R A AR B A R S 6 35(Ren et al. 2025) .

33 MRl5AHEE

33.1 HIERERMLLE
3311 MRRESNEFEHE

IINZE SRR fi B AR EA R, 2 5 2B 3.5%, FF1) S 72 2,500
J7 1§ (Australian Export Grains Innovation Centre 2022; Kingwell 2020) . A FI 31 /N3 LA
W, HEE SR E R 65-75%, 4Bk 50 R MER, HATs AR
(WA) ZH K/ H I (Australian Export Grains Innovation Centre 2022; Kingwell
2020) 0 ZETPARRINEAL/ N2 A7 5 H T EEE AL, AREEVRH A /N2 7 1 A e
FX G o

AT ER R RV 451t 5 (Australian Bureau of Statistics, ABS) 23451y 2015 -
2016 [z 20202021 P Aol 52 4 B A /N2 7= s B 4ls (Australian Bureau of Statistics
2017,2022), 2021 FFPRATN A [ /N3 S ik 3,190 Jy i, HAog g gl /R 121 (NSW)

20



BEF SRR NS B REE R K S A5 ) 22

N
—— KM
A 0 1,000
NT NT
QLD
A WA WA
\
\ SA
| — -
SE— ——
0.02 898.88 v 0.01 1,431.52
(a) Total wheat production in 2016 I (b) Total wheat production in 2021 s
NT ¥ o NT
QLb } QLD
WA i “ WA

SA . i
; ) nsw W ;
- R o,
Pl L FACT
— t ha g "’ VIC

0.06 1.88 0.08

(c) Mean wheat production in 2016 TA,?;'

3-2 2016 #2021 FREKXF|T/NESFERFHFEN N
Fig. 3-2 Distribution of Australian total wheat production and mean wheat production in 2016 and
2021.

. TAS |

(d) Mean wheat production in 2021 *_.

t 44.06%. 8] 3-2 JE7R 1 2016 55 2021 AL/ N2 N AR T 5P A A1
HESRIRE T LA THRTE Rl YR, BAE~ X aiEFR 1=
N (QLD) ZRFa#h #rmd /R LM (NSW) Fs. 2RI (VIC) PHHES. mads R
WIN (SA) ZREB SV HFDIMN (WA) ZRFHB.

A A [ FIANE AR T BURF X (Local Government Area, LGA) 5 ABS i
MHYNZZ R EE, WEBIERNAEETT, LU A RIE A 7 X S B % (Feng
etal. 2022), & /71, 2016 43K E 186 > LGA, 2021 ££4 179 /> (Australian Bureau
of Statistics 2020, 2021a).

FREE SN AURFA SBORZE RER, SEARR MG MEFIALHERE, 5£3-1
25T EEMNR R/ NE AR . AR LGA B EM B AERKTXS IR ], $2EO R A4
KNI LGA DX BRI/ N P4, DADSS DX R 22 Sn b B 2 i) 99 7 285 SR B
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.
xR 3-1 BRFITZMENZERKET
Tab. 3-1 The wheat growing seasons in various states of Australia.
H INEAERFET
State Wheat growing seasons
HEE EUR T 4 E12 1
New South Wales From April to December.
(Gomez-Macpherson and Richards 1995; Pang et al. 2022; Wang et al.
2015)
Yk Z R 4 HBRF1H
Victoria From April to January of the following year.
(Pang et al. 2022; Wang et al. 2009)
B =0 3HE1H
Queensland From March to November.
(Cammarano et al. 2012; Obanor et al. 2013)
FHOAE N 4212 1
South Australia From April to December.
(Pang et al. 2022; Wang et al. 2009)
[y IR SHERF1H
Western Australia From May to January of the following year.

(Duncan et al. 2017; Shen and Evans 2021)

3312 METEHE

ARFIRRY AR 20 Mg E— . e LR SR E—M
DA AL /N2 7 S Ve A E 2RI R (58 3-2) o AR TR i i A = st : —
e EYIR R 250 A5G HE (Han et al. 2020; Millar et al. 2018); 2 A5 R A IC
R QRS Bk T80K0 M. s 1 5#K) 0 =& LGA R e %
M, G—3kJET Google Earth Engine (MODIS EVI. NDVI) F155 M AT ISR EE
(ECMWF . ER - HHERE) . REJE/RIEE—r )iV s IR AR 55 = s
B EARNRE . RSy C AR RER K R LR SR

iR, BRI o & 3-3 JB7N TR LeAR i 25 (1) 0 A0 M5 7= g R R Ko
33.1.3 METE

T B W T 32 H B M SR Wk 50 45 2 IR 22 (Ajami et al. 2020,
Kitchen et al. 2003) . ANEERHIACF @R (DEM) /Eyh3iAs i, ik B GEE rh
Geoscience Australia #2{1L[) DEM (Geoscience Australia 2015), JiT 2 EHFfi )5 (NASA)

[ SRTM %#fg (2000 4F 2 FJARHL) . 703 30 m, FFE-P A FR ARG =« $2 7
FRIWARKIE. #4, BT DEM g1t 8 7 S53A .
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x 32 BEZWNEEFZRERNBETERR

Tab. 3-2 A summary of explanatory variables that potentially affect spatial disparities of wheat pro-

duction.
el Ate (AT 5 €T PR
Category Variable Code  Product Resolution
iy NEET EL DEM-S 30 m
Geography Elevation
EER
W SLP DEM-S 30 m
Slope
B ASP DEM-S 30 m
Aspect
= (3 ==
U i AT ERAS land 0.25°
Climate Air temperature
B4 [k b
KR TP ERAS land 0.25°
Total precipitation
(=
AT SP ERAS5 land 0.25°
Surface pressure
A .
Wind speed WS ERAS5 land 0.25
N Y 7\4 :I: =N
e SR . AWC  CSIRO/SLGA 92.77 m
Soil data Available water capacity
AE (212
Bulk density (Whole earth) BDW  CSIRO/SLGA 92.77m
a5
BtEi CLY  CSIRO/SLGA 92.77m
Clay
R
. NTO  CSIRO/SLGA 92.77 m
Total Nitrogen
Sy
i
Total Phosphorus PTO  CSIRO/SLGA 92.77 m
M7\ Az
Zjlfi SLT  CSIRO/SLGA 92.77 m
7
. SND  CSIRO/SLGA 92.77 m
Sand
i%ﬁm@% SOC  CSIRO/SLGA 92.77 m
Soil organic carbon
pH (CaCl,)
pH (CaCl,) pHce CSIRO/SLGA 92.77 m
7825 R
AL A ETa  CMRSET Landsat V22 30m
Environment Evapotranspiration
R

. . NPP  MODI7A3HGF V6.1 500 m
Net primary production

H— AR BAR 2L

Normalized difference vegetation index NDVI MODI3A2 V6.1 1000 m
TR K 2 ek
SRR EVI MODI13A2 V6.1 1000 m

Enhanced vegetation index
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(a) Elevation (m) (b) Slope (°) (c) Aspect (d) Air temperature (°C)
N e ] e e e
A ¥ » & - km N & .
0 1,000 -+ 1
h L\ “; mad ‘ \41")&;\ g Ry ¥
. o .. e - TN
-69 ot 0 83 ot 0 360 st 9.7 232 ot
(e)  Total precipitation (mh1) (f) Surface pressure (!(Pé) (9) Wind speed (m/s) N (h) Avaliable water capacity (%)

92 1165 88.3 102.1 0 37 42 266

(i) Bulk density (glcm3) ) Clay (%) (k) Total nitrogen (%) (1) Toal phosphorus (%)
— - -4 — . e o

07 24 . 0 66 . 0.3
(m) sit(%) (n) Sand (%) (0)  Sail organic carbon (%)  (P) pH (CaCl) =
j o %

gl
0 379 153 996

(q) Evapotranspiration (mr;ﬁd) (r) Net Primary Production (ng/mz) (s)

0.2 9.3

Kool toad kol toad

B 3-3 I NEFENBRBETENTESM (2021 F). (a)- (o) HETE, d)- (g SIETE, (b
-(p) LIEEE, (@-0 FREE
Fig. 3-3 Spatial distributions of explanatory variables in 2021. (a) - (¢) Geographical variable, (d) -
(g) Climate variables, (h) - (p) Soil attributes, (q) - (t) Environmental variables

3314 HELE

BRI (AT) . EREKE (TP). MRk (SP) HIKGE (WS) DU iR 1,
Yk JET ECMWF 25 LR A BR S A5 B 504 77 i ERAS(Hersbach et al. 2023), 25[a]43 3
K 0.25° XL R H RN EY) A I Ko S5, R i s [R) 22 A0 K )
[l Z(Song et al. 2019; Zhang et al. 2022),
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33.1.5 *iEREME

TaE RV TR A FEKRETT BT pH 55, XEM AR R B BE
{E M (Kitchen et al. 2003; Miller et al. 1988; Nabiollahi et al. 2020), ZxZ{#i ff§ GEE {1
KHANE S5 F R (SLGA) (Rossel et al. 2015), 7p##3 3" (£990m) . el 9 4>
T e AREkiE (AWC) . 458 (BDW) . #i+ (CLY) . 2% (NTO). 4
(PTO). #¥pki (SLT). bk (SND). LHEAHLIK (SOC) A pH(CaCly) (pHe). 547
EHEME 0-15. 5-15. 15-30. 30-60. 60-100 5 100-200 cm 75 23R 15 2.

33.1.6 HIRLE

PEIRGUE L ZsHUE (ETa) 0194771 (NPP) IH— SR (NDVD) 5
HEnE R g FE %0 (EVI) FAF(Qader et al. 2018; Wang et al. 2019; Xu et al. 2019), ETa 3
JiT CSIRO Land and Water (CMRSET Landsat V2.2, 43##3 30 m) (Guerschman et al.
2022); NPP. NDVI 5 EVI 3k 5§ MODIS 74, it GEE 388 (Didan 2021; Running
and Zhao 2021),

Hrp, NPP 5 NDVI TEAE B FREUE — G2 EREAS B3 WA B AR IR 5 7
AT, AT B R AR R -0 JRT, AEAH ST A 25 R BN S o itk A
KRGS TSN —IHFMAERL, BN Z I R EAME, AU
FERAR RO 7= B B RERAEE N, RN E TR ). SRS SRR, Ham. R
GRS B S (A 22 Sk o IR LRI SR AE R BRSO T DX A A& B, o 18
IS B 2 AER SRR A B S
33.1.7 HIEWALE

FERRIEERT, SRR ISR T R ME AL, LA B TSR A o N
BOR WUCERFEASE LI | : B, & IrAMRE RIS EERAL, #iR
RO 3ok s Hak, XPEAR B ThRE A, THES T BUR X (LGA) 1YIMHE,
R G T /RS (Kelvin) #2350 03 5 (Celsius) s 55 =, P TRHHEIUS 5
b, JLHAETHEZE (BDW) 50N (SOC) WA, fFAEN Bl T Ez
B T RBERE DL AT BE BB BT 2.5 bR ZE, X H s Bl i 2B 7 LA
Wk e, BT PR A7 AR LR TENR, SR T 7047 (Principal
Component Analysis, PCA) J7iEXI HGE TREAEQL L, $2IE 25, MR EG R
HVFRFE AT I SRR . 36 3-3 4 T & RFRA i AL B . I/, GOZH
FBRIAE T RO AR B S NS R A 2 AR, IR AE B 1AL B B B T 75 1F
112 AR IE .
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%33 BETEHENTLAEAZS5RE

Tab. 3-3 Methods and procedures for pre-processing explanatory variable data.

TALHE 75 bt
Pre-processing Variable
R4 LGA [T

Average to each LGA. DEM, SLP, ASP

HHEEAE LGA 1041 A9

Calculate the annual average for each LGA.

ETARIME/NLERTFTE LGA WHIPHME, FHEHRAN IR CC)
Calculate the average value within the corresponding LGA based on the wheat AT
growing season in different states, and convert the unit to degree Celsius ("C).

BT BRI a0, FFiH 84 LGA 1P (H
Outlier analysis and principal component analysis are performed, and the BDW, SOC
average is calculated for each LGA.

HEFTERAMAMIT . FFEFEE LA HFH(

Conduct the principal component analysis, and average to each LGA.

NPP

AWC, CLY, NTO,

PTO, SLT, SND,
pHce
BTN/ N A KFTH R LGA WP {E
Calculate the average value within the corresponding LGA based on the TP, WS, ETa,
wheat growing season in different states. NDVI, EVI

332 HEZREHMFEIM=EBMERSHT

MRBIINZ P R S ) A S R EE PR R, ANBIFSEoR M T 25 18) H R 0 U7
i, R4 5 Moran’s 1 15501 a5 23 18] B #5248 (Local Indicators of Spatial Associ-
ation, LISA) ,

SLEHREL (Moran’s 1) @i Ze 27 Hh) 2 BH BY—Fh 23 (8] B A e e hR . H
TS R R B AR, HAETEREDY [=1,1]. 24 Moran’s T{E#EIT 1 I, FIR%5[H]
BARAFAE TR IERIME . HEaR-1 I, FORfAAE T R IS Falr 0 SRR =S
BRI W H AN s 35T 0 MISRIR 23 [Al A N BEALIRES, T8 B AR E (Liet al.
2007; Moran 1950, HiFE /AT :

nlzl ]Z w;;(x; — X)(x; — X)
I=—>— (3-1)
Y Y wy Y(x; = %)?
i=1 j=1
A n NFEARRERL, x; 5 x; 400N 5] ZRBICHREE . * R
B, w; A% 5 j D HRITZ RIS AR
Jaubas e B fH= 504 (Local indicators of spatial association, LISA) I TiRAI2%

(VR O BRI R DX, DAR 25 TR B SR EE MR S 28 7K P o LISA 2 TR

£M=
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PR RUEE B A 25 TR R P SR ERPME S AR /2 Moran’s TR LA (Anselin 1995) . 3%
JTRIE T O AR 2 R BT AR BT [ R MR E R My 2 5 0 2210 A H =S )
RIS AL (Anselin 2005) . ELHEAFAT

- hn

X;— X B

I, = ’S2 21 w;;(x; — X) (3-2)
j=

A, 1 SRS Moran’s T, x; 5 x; 585058 i 5 j IR R IEE, x I, 5
MR x W17, wi; AEE R RERE .

AW FEH R B 23 [RACE T 5 5 i e 4L (Gaussian Kernel function) , J-
XA ITTRAE R E RN 1o

333 fREERYHIBIR 2SI EY

HIFRGEN B CE RN, RIRZR 2017) i PR3 o™ 32 ELIe ™ RS e 5
CEASRIES VU G T bR S B 2 W (R — TR AR R (32 3-4). ERFTEIX S N o
HIEATC, MV ARRIEA Y = {y, Y, Hly, 8 i s SRR IME ;s MR i X
LB R LA E. 6 h BAE Ny DA, HRDS b g HE N

L

2. Nwo,
h=1

No?
R o7 HEE A 2N AR T2 o NN A I T 2. N ONEREARLE, Ny R
B hEHEARE. Hq-o 1 INFEH X JLPESHREY NEAERE: g — 0 MU — 2423
Al AN 2 (3-3) IRATEAL AR F o34, DASE 2 5 e 5 :
_N-L ¢

—— ~ F(L-1,N—-L;A), 3-4
T~ F ) (3-4)

Hr FC) RR F oM, 2 BIEFILSEL

EE TIRRE A X 5 X, PATER, AT a(X ). a(Xy) LA AMS)
IR a(X1 0 X5)s 2 q(X, 0 Xo) KT q(X)) + q(Xp) B, I (e Ze MRy sk
o R 2 E ot

qg=1-

(3-3)

) ¥, -7,
 \NVar(¥,)in, + Var(¥,)in,
FEEAS R 7 XM, AR KU S XU X ek b Yy T Y, 40 3 A 40 X 44
B, ny~ ny SRPAFEARE, Var(Y) fl Var(Yy) N¥ER 7 224k 1Ee ARSI R A
Ny, (Ny, = 1)SSWy,

F= Ny, (Ny, — )SSWy_

kAo A AR XS Y I E R SRS AR, B Ny, 1 Ny, 2050073

t

(3-5)

(3-6)
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B X 5 X, W28, SSW RNl

% 3-4 GeoDetector MZ IR M B INEEIHE

7R FEGI A S B bR AR

Rl q (X (3-3)) Tk B DAL X Wi 2 A e 23 TR 22 AR AR L A8
AL H AR MG a(X, N X,) ST IR B IR Y b ] Bl R
RS RN A t et FEBA R 3 20, FE ARXR X
AT F 4eilat R Y ANIA] R X Y SN R A R 2

FESCRR LT, eSS ROE R G LIS . 4 Rrsieok i SRIF 257 Vs it
N 3T AEG BRI R AR B g (KR T DARIIE S X B
GeoDetector Il FEIRIAEELMEHREA, HELIT R IEFELMINTE:
TESURBRIS SRR BFSCFR 19007 B P R AR R AR S 4 207 o R
RS, R T EAER AR AR N B R SR T T 2 (R

334 HWESHEREFERME (GOZH) &2

W EETEMN G 7RG B R . Horh, R (Factor Detection) f&4%
M, AlE B RERE) (Power of Determinants, PD) {H, i & 55 iR A% X M /.
A 25 A A B RRRERE 770 HT AT (Wang et al. 2010):

h

Y N.o?

=1
PD=1-" —1-35W (3-7)
No? SST

X, SSW R SST 43 5IZoR XA J2 AP J7 RS e A L i i A S A 5 1
N, Mo, Zm M X3 z (z=1,....h) WHIFEAZGE SIREZ: N 5 o 25l 98
DRI REA S SRS . PD (B RYUETERE A [0, 10, %48 FH T 5t AR AR B XS e
A BRI RERE Do PD RGBT, 100 AR AR ta g Wi 7 A% 1 2 [E] Y S BB P i, 0 28 [ 43
2 SR RE T

GOZH (Geographically Optimal Zones-based Heterogeneity) 57 5 7E1H 51 #FH 22 [A]
A X 53, (S XA S A, DRI AR B S M, AT A Rt e 7
SUMAN R -9 25 1) S U MR AR AE (Lo et al. 2022) 0 245080 i o 351 pe SRt 1) 25 18] 4 )2 ATk
Jith, ARG T 2 R R RIS EOR AR, AT R 52 WA 2 [E) 43 A H D E R 1

i Ah, GOZH B — 4RIt | 2 A8 A BAE A TR EME S AT Sk o fEATH
i, GOZH BAUAGUE ST 1L 4EH) PD B TRk AR B 5 25 ) 99 X2 A SR B PE S 3
$et T HAHPRE ) (Optimal Power of Determinants, OPD) {E, HIT3R/RiRAL i (i
DI DI o Wi 2% 5 B KA RE ) (Luo et al. 2022) :
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Q PD x. D)= 1 S SWxp) 3-8
=max(PD)=y(X,D)=1— SST (3-8)

A, X FoR— PSR, D ONiiA L I 0 R, SSWy p N Hifif
REAS L X PR SCRYHFR 20 = XA P 5 R o €2 {ELRR 7R AR A e A A5 D8 DXkl 2 T Y
K PD {H, Hll OPD {H.

GOZH R Al S AL 24 AL B/ N2 s ) S PR R ok e DA By Lot B o K5
PRI IR DI 7 S B, AR A T BT B/ N B A B BRI A RS (minsplit
=10), AT 204 10 4 LGA #£7K (Breiman 1984) . 83540 25 [H] By HUL AY IS
Ferp, AU LGA B A2 10 P HIRBIAFARSEL 77 ek, RS
AR RN A PD AE, R QMH, L& HA/INES ™ B 23 [A) o0 A B S M A ot kR

?%i’fﬂn

=

BACHBIR A3 DX S 248 XA 77 22N XA T 2K Rt . MR Q, Fif
MU SSWy p, HEMITE AT :

h N,
min(SSWy p) = min {Z PNCA EZ)Z} (3-9)

z=1 j=1
A,y FoRKE 2z S NMIME (=1, N, . e, AU z /N~ R
Ho sk i A, TR A B/ N2 R A T8 0 28 (A B, e g%
AR 9348 1 N HMWT e Q BYTEAIHE S A2 I Luo 58 N &SRB J AR (Luo et al.
2022).

A A B RS R 5 & 42 5aHM (Classification and Regression Tree, CART)
BEEA = AR (Breiman 1984)  GOZH 557 = BL{K #E R 75 5 H 1 “rpart” i, (Therneau
and Atkinson 2023) F1“GD” ], (Song et al. 2020) Sk 3LF,

3341 BETFEMRSHUABHEERNZRE (OPGD) &2

R TESEE], MRS 2 — R THE R S R SR v M HIKSLE S Tk
(Wang and Xu 2017), & T HASE Y HFEEE N 28 (Optimal Parameters-based Geograph-
ical Detector, OPGD) #i @ FE (L4 M FE N g R B mh _E g —FRCIL T 71k 1245
Al RGP TR B T B A R R ESE, 52T T RN 2 6]
J AR IR AS a1 (Song et al. 2020).

RGN PN A58 0L, OPGD Al th, T Bk F i N8R0l =
B S EAF RPN XS A o HAAZ DR AR F T PE Al 5
A R A AR B S R AT AR, HAH A= T
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Zf:l N, 61%,]
N,
Arf, 0, KoM o XA RS R S OME I ARRE T, L iz A28 e iR 50 i S22
N, fl oy S3BIAEABII KO REAR ST %, N, Rl o S BIFORES j AT IR
HHEREARECR IR S T 22 O, RYEUETEEY [0, 1], BB IR AR S AR BE 0 bk
T o

L4 MR SR 2 56 K19 AR TR, OPGD X442 HEAE 22 Tl ik 7 1%
(anSepbs o AEG HIABRSE) . ARZSEE (In3-728) MZERIRESHAS MTE
HOMH, mZIEBRE N HmNAH SV ENRITSE DAl Ny T R A 22 o

FEMEEG [, OPGD b5 | NS EAR FH A, i LB 2 i S B Y Oy
HHBM O, O, ZHIKZR, FILAHIEAS FH RS E ARS8 JRE5ay R R gE—5
Ry XS PRI A SRS R U T3R0S ) 9 2 22 TR DR A e ) P4 2 e S LB T B
o

OPGD R I T 0K IR SIS S 2 Fh s REERET, HFEEWT RIEF
[ GD AL, SRR T EATRI A TS S AR R S T

ABFGE oK OPGD ARG BEAS H 1 28 ) 0 2 B PR R T e, RS AR SRR Y
GOZH FAIBEATXSH . LSS J5 2 A 2% s [H] S5 A U A A3

335 RATEZENRZ BN

GOZH iRl 2l it B0 23 (A s il A 2 A8 e 2 [ A EAE A, SEans e P i A0
SCERE IR . GOZH M LI PUSSARREAE BRI . 2858 M MR I 6 [K 30t /N 37
25 ) 22 S B 52 M AL A LA B0 R o T3 P38 2528 R A ) 99 M B e (0 DX Sl 1Y) ot
BRI, BIWRIR A SR A B R St A 2], N7 25 18] 22 1 1 e YK
BHLH o

e/ i s A 2 SR B 5T , Sk GOZH BN B A /NE i) LGA X35
TR E B UL, FFRH 20 MR R i = W i . R s B, LGA
Ao N2 D BRI S AEIXEE XIS, & T [ — SR DR B 2 & 1 [
Futk, AR 2R 2 a2 30 H 2 Y S o o

a5, GOZH BAgE v FH T2 2| RE E, iHZE 1A S A, PURIIE
SRR AT LeE o N R VBRI S B AR R s A X S AR IX, DAL
TR TT . I AN B X A5 09 @ (8, AR AR R M RO i Asda e S
WENAE, MR N ERAF GOZH U 1) RE AR 36 0 S AR 22 25 [8) 240 i

0,=1

(3-10)
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33.6 REWIESIFETE

Jh B I IR A O M P A (R B o I A AR, ARSI — T 28
R HEEE RN #3458 (OPGD) JFEATRFEE 34T o OPGD AR AE 28 B PR 23 A58 (Ge-
ographical detector, GD) H:fifi % 1Mk (Song et al. 2020), HZIMEEETAL T =
B s Y B RO 5 RS el A, T E S U 28 & DUB SR MR BE . iZ Uik
I REAT B T2 EUAS ) R A b i 2 2 O SC S HD BRI, FR X 25 A S 1k A IR 1 e
o

i 5 OPGD UM L. 71 BAYR HERIITff GOZH e M IARIT /122
P SHIRHE TSI 6. OPOD BUUE R SR AL G it
SEEL. I RS S R AR R Y PD N B AR, E— 2B PRl GOZH A%
RULEZS 8] S PP MR 53R . AL, 3BT T @AE«?E%ETH S 43 A
[ PD {HAZ L&, LU E7R GOZH 17 5 OPGD A £ 2 [a] RUS IR !l RE 71 7 T ) 22

=
FTo

3.4 RO

341 BXFENEFEMNTEDHEX SN

] 3-4 R T MRFNE Ry /N P i i 25 AL AT RS Ry o AL 3-4 (a) T (d) AT IR,
2016 45411 2021 4E/NZE =5 Moran’s I {E4> 7124 0.532 F1 0.669, FEHI /NG == AE23 A
AR R ’Eé“f ] 3-4 (b) 1 (o) iR B~ X (k) 57X 5 RD), g%
R T /N P I 2 AR R E . 2016 £EILF 41 MAGTHBIX , FES MR R I JalU/R 1
I (NSW) EPT'?ﬁB\ FIRAFNTM (SA) FEHFLAA YRR (WA) HRp &A1
L GHEGR XIRHT R KR, (LGA) [ 22%. % 2021 45, $SERENE 41, &
BEEHRAE NSW HIZEZ RN (VIC), (HHF5E XIEH 24.6% . R Ai XS R A0 AT fE
SRR AR B UM, BIankE KA SRS AR E/R e 1 - 5 77 %5 5))
(ENSO) LZ 51 o

] 3-4 (c) fil () WoR TAE RIRAE S R B KE (40 p<0.001. p<0.01,
p<0.05), LIRS S EASTE B TEE X85 R /N 7 i e g
B 2 FIR G AERENIIN G, HaS A B EEA BE R L. AR, 2016 45 2021
TR RSt F I v P R, e AT X T REAZ RS AR (R R A2,
g8 R R 2 R SR A AR

] 3-5 JEon TR ¥ UM At DX /N2 T R e T HRHIE . FEERIEISRIT, Bhni X3k
(/NS P B O 4k 2016 4Ef9 1.05 ¢ - ha™' F12021 4Ff 1721 - ha™', Jz ik
SRR R P AP IR A T Hf i X o 2021 4FEFR2 7= B4 2016 42T T 63.8%
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(a) (b) -y (c)
- Moran’s |: 0.532 N ¢ i
A [ ——1
0 1,000
c il NT . NT
[] " A
E < ap - aLp 3
5 © W | {
(3} B Y WA
8 " .
5 <1 oy sA T * sA | 3
& T
} NSW g I : NSW .
o o, S e - > {
: A B o= 0001(12) ‘_‘Icf"*m
o [ High-high (41) 222 A B p-001(31) el
32 2 08 04 16 28 Low-low (47) fer p =0.05 (46) -
Mean Others (98) No Significant (97) i

(d) (e) o) (f
Moran’s I: 0.669 o ..

2.1

0.6

Lagged mean

-0.9

1 HSW .
E o B
I p=0.001(29) - Fact

ol'g [ High-high (44) B p=0.01(23)
39 24 -onM 06 21 36 (L;;:\gzw(l;g? J s :;gg:;lzz:ﬂ ©2) )
3-4 Moran’s I 5 LISA 374558 . 2016 &£: (a) Moran’s I {H, (b) &F LISA B9 S494T, (0
ETF LISA IEZEMAHT; 2021 ££: (d) Moran’s 1 &, (e) £F LISA B ESHT, () EF
LISA K BZE M-

Fig. 3-4 Results of Moran’s I and LISA analysis. 2016: (a) Value of Moran’s I, (b) hotspot analysis
based on LISA, (c) significance analysis based on LISA; 2021: (d) Value of Moran’s L, (e)
hotspot analysis based on LISA, (f) significance analysis based on LISA.

N
)

E3 High-high (2016)
E3 High-high (2021)
E3 Low-low (2016)
ES Low-low (2021) .

ES Others (2016)
E3 Others (2021) °

High-high Low-low Others
LISA cluster level

3-5 EF LISA T ERNA AR B SIER KB/ NEFH =8
Fig. 3-5 Mean wheat production of hotspot and non-hotspot areas based on the results of LISA anal-
ysis.
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2016 FERASIXIRA PO BN, e AR S PR s 1T 2021 A0 FRBRL H B R F 7 B 90
3o MEHh, 2016 £EiRsr LGA RIH R R, Al REZ B UBER . T,
7 s DX F S B B AR, T A DR A TP 2 () P R e, A
XARE, IR

R 3-5 RAFTREMNEFBRFB=EEERX (LISA) BEFITSHT

Tab. 3-5 Local Indicators of Spatial Association (LISA) clustering statistics for wheat production
across different states in Australia.

LISA Statistics NSW  VIC WA SA QLD Australia

2016 High-high Count 13 1 18 9 - 41
p,' 1537 1.07 1943 915 - 45.03
P> 1.18 1.07  1.08 1.02 - 1.08
Low-low  Count 4 12 12 8 11 47
P, 229 356 501 358 356 18.01
P,... 057 030 042 045 032 038
Others Count 30 13 35 19 1 98
P, 19.47 9.52 2731 15.12 0.69 72.11
P,.., 065 073 078 0.80 069 0.74
2021 High-high Count 30 14 - - - 44
48.68 2501 - - - 73.69
P 162 179 - - - 1.67
Low-low  Count 2 1 20 6 11 40
P, 0.85 0.68 995 3.11 394 18.53
P,... 042 068 050 052 036 046
Others Count 15 11 38 30 1 95
P, 1434 9.84 3635 2636 1.11 88.00
P 096 0.89 096 0.88 .11 0.93

mean

! Sum of the mean production (¢ ha™").

2 Average of the mean production (t ha™").

F 35D TR (AR Y s X 3E0) LGA #im . S F3 ™ m 3™
FURHIE. 2021 45 /R M (NSW) YRR KU I 2, 34 30 1, (S A #ARIX
R 68.2%. XU XK=k 1.62 1 - ha™', WEET 2016 £E NSW #4571 1.18
t-ha™'o AN, WA YRR ELBI 2016 4R 25.5% EFFE 2021 4Ef 50%. A REL
FHIX G T R4 E . 4L FILM (VIC) AYHGEECRNIM 2016 A 1 4880
22021 FEM 144>, O E 2.4% ETHZ 31.8%; [RIM W sdiici iy 12 MBI 14,
2N /NG 77 e S IR A I 34

g5 BRTIA, KRN/ NG 77 X 230 H W B A 25 (Al A REAE A SR B, SR BT
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M

FEXIAA RIFH ROV A= 5 N R =S @“E%%ﬁ%?&M%A@%
[FIZREEMERT B AR, AN R X R R B2 e IR B it — ”ﬁ%%
FrE A @ﬁﬂT&ﬁ@mlﬁﬁ1Tﬂ%Wﬁo

342 BAEEWNEFESHHITIKE

GOZH LI RIML/ NAE 7 DX ~P- R b A S H R A b AT AL, ) LA
POI/INZE = R R 25 TR e VA Ry ML R SE TR IR 2K o AR WA THER T BN AR X/ NEE
R R 22 R DUk

(a) (b)
Available water capacity 0.299 EVI 0456
Total Nitrogen 0.253 Total precipitation 0.454
Aspect 0.233 Silt 0.413
Total Phosphorus 0216 Total Nitrogen 0394
Silt 0.209 Air temperature 0.375
Wind speed 0.206 Sand 0.343
Surface pressure 0.204 Wind speed 0.334
Total precipitation 0.194 Total Phosphorus 0297
Bulk density 0.192 NDVI 0293
Elevation 0.191 Evapotranspiration 0.285
Soil organic carbon 0.182 pH(CaClz) 0275
Net primary production 0.167 Clay 0.272
Evapotranspiration 0163 Aspect 0.265
NDVI 0.155 Elevation 0.220
pH(CaClz) 0.148 Bulk density 0.202 Geography
Sand 0.147 Soil organic carbon 0.201 Climate
Slope 0.143 Surface pressure 0.198 Soil
EVI 0.140 Available water capacity 0174
Air temperature 0.128 Net primary production 0.144 Environment
Clay 0.102 Slope 0.077
0.0 01 02 03 0.0 01 02 03 04 0.5
Q value of GOZH model (2016) Q value of GOZH model (2021)

B 3-6 EFHMEERIXFRYE (GOZH) EEFHNE=EMES (PD) HER
Fig. 3-6 Results of the geographical optimal zones-based heterogeneity (GOZH) model for assessing
power of determinants (PD) of wheat production.

H

@36%?TﬁﬁxmﬂwﬁmﬁﬁmmﬁfMMIE%WEHH%FgﬂAﬁ
MRAUSE IR o RN AL SEXT 23 AR SR A S M RE B A Fir 2 3, (HLSMAR B2/ N 327
AREIN . R EE S APY R B A *LG%EE R PRI F#o

2016 4, LHEURMERE IR R, AL LR R R A A T A
M, HPAREKE (AWC, STk 29.9%) Fl4% (NTO, 1Mk 25.3%) Timktix
= XN AR RFFRITR I A B DI O o OB R 3R] (ASP)
WREAARE T (23.3%), HXDEH. fad USSR A B TR A K.
AR A IR R R, KGR (WS, 20.6%) HiE K (SP, 20.4%). FF7Kif
(TP, 19.4%) A (AT, 12.8%) JLEFZIIEMSNT SR EMRCER. 2 oK
DM AN, PRERA RG4S (NPP, 16.7%) « ZHih: (ETa, 16.3%) .
NDVI (15.5%) F1EVI (14%) X7t B BGREN, SO RIFA R A IR A
BT mt e FIRCE Mo &

2021 4, AR B B . RUE BN A AR AR TR, A

\7

~
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EVI (45.6%). TP (45.4%) 5 SLT (41.3%) BCHHT =Ktk Gr, Yormtiid 40%,
FWZ = AR AR 2021 SEX/ N2 P i S IS g B A RO N o ISR R R B
VERT, IR ORI R #2250 A T M B X, L4eghty. K ORFFRES T 75
S EE ANUE B pH B E AR TR ALy, TP (45.4%) .
AT (37.5%). WS (33.4%) #1SP (19.8%) {1 2021 “E¥45 W& viHk, Judt TP 1 AT 14
SOMA 25 BIIE 7/ INZZ XS B 7K S 5 B U AT R Al EVI Y 2 3550 Mo, P Ry 1
TR B SR /N AR R )

(a) ﬁ;j%‘"’f? ;&\\1 (b) ?‘?j%»ﬁ,é 5/ :?%T\ N
N g S ,5 4 / . ; 1 .
rr”” “;r,é < by [ — ) pr NepE G by A
Aj; - 1,000 AT e/ \

&
; SA

; - )
. 3

&

EVI change

Total precipitation change (m e
o | - AN
]
-0.062 0 -14.34 0 37.27 S rsd
S
(c) (d) e 9.13
=
o 5.64
AN 2°
\ﬁ“” -‘Cv
S 3
Vs 3 6
- —y Q
- ( b= .
i " . e .
.(l aLp ‘*\\ -2.37
‘\3 "{i (e) EVI Total precipitation Air temperature
WA g ;\?6 6.17
Vig =
il ~ e 5
P S . B / B 388
- \j\? ] ; ;f § 4
: o = ] k(}\f[ACT B
Air temperature change (°C) - vie =5 1.69
— o~ 3 I
fooe oy =
-1.053 0 0.377 N ey g
e &)

EVI Total precipitation Air temperature

3-7 2016 £ 2021 FEINEFETHERNA=ZNRERDFHEURETUXRELRRY
Fig. 3-7 Changes in the top three determinants affecting spatial disparities in wheat production from
2016 to 2021, as well as their change rates and coefficients of variation.

[ 3-7 ik 7 2016 A 2021 A EEHGENE R RIS . [ 3-7 (a) B8 EVI
FER L2 (QLD)« NSW AT VIC B840, WA PERIMIE AT LTt i HoAl DO A
[FIRESE T F#. &) 3-7 (b) W] TP 4£ NSW. VIC f1 SA 55501, HcAKIHiEIA 37.27 mm,
i WA 5 QLD W2 s/ Vo 8] 3-7 (¢) 275 QLD K WA PHHRBHY Ui EHE 2, &K
FHiEy 0.377 °C, Hp IXKBINA/NME NE (<1°C). & 3-7 (d) /1 () il JRRiX =264
AR SRR R, HP RIS (9.13%) HERRE (6.17%) HiE, i
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W 2021 4EAL 2016 SEAT & 2T EVIMEAT BTt SRMA 4 FEAE ol s R DU (AL
. TP IR T 2.37%, HAZRRECN 1.69%, XM BIE 230 NI AL IR AT BEXT /N
22 R R R

343 RAVNEFERNMEBERTXE

GOZH B Z5 G RSN 553 0 M 735 Tt 5% X3 20 28 DA M B S L DX e IR
2016 £ 5 2021 fEFR R A2 A R AR, AE A0 4 15 2 89 IXCfE 25 1] F
(R B ZE e %7 iR B KA A 2 I s/ MU DO e 2 5, A RLE

p— 7 EL 427
TN T INZE TR R A R U AR o
a d
(@ 2016 Total Nitrogen (NTO) (d) 2021 sy VI
’— Aspect (ASP) —| Bulk denslty (BDW) Aspect (ASP) Silt (SLT)
‘ <187 <21
>=076 T o i B Sl”
oy = & Ta >=086 | [<as 7] 39 |
= NDVI soC EL EVI
=87 ’734 ’_190 <18 -l [<o0s3 -] >=-11 <102 | <04
002 3 Lo > T 355 r el b -
r T T u
o <5 1
< 555 AWC SLT
EL slp >=29 AT <-27]
<272 <21 |<17 |
L B N N IR N ] o & & & 06 0 0 0 0 0 0 o @& o
Gmup 1 Group 2 Group 3 Group 4 Group 1 Group 2 Group 3 Group 4
(b) - (e)
™
mﬁm_ﬂf% t‘JH N «pmw{ ;,5
Groups of zones: L Groups of zones: ( L,
[ ] Group 1: High tetal Nitrogen and low aspect i I Group 1: Low EVI and low aspect - 4" \“
I Group 2: High total Nitrogen and high aspect N I Group 2: Low EVI and high aspect <z /
Group 3: Low total Nitrogen and high bulk density % Group 3: High EVI and low silt
[ Group 4: Low total Nitrogen and low bulk dlensity S [ Group 4: High EVI and high silt

NT

WA

“

NT

EVI [

PCA of Total Nitrogen

il
o )

01 . 00

e T e B

e v —rr—

e W
°

0.
—40

=
T
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-0.44

-0.1

ABCDEFGH | J KLMNOPQRSTUVW ABCDEFGH | J KLMNOPQRSTUVW ABCDEFGH1J KLMNOPQRSTUVW

3-8 mMEEIRARERE (a, d). EF GOZH &EL]
RRATHRZEREBSHENERTERITHEE (o, f)
Fig. 3-8 Decision tree of identifying optimal zones (a, d), geographically optimal zones of wheat pro-
duction at the LGAs identified using the GOZH model (b, e), and statistical summaries of
explanatory variables within zones for explaining characteristics of zones (c, f).

ABCDEFGHI JKLMNOPQR

D5IH LGA /NEFE

ABCDEFGHI JKLMNOPQR

EMEHZMREE (b, e), L
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P 3-8 JE7R 1A PRSI R 90 2 0 TR RS 2016 41 2021 4F /N2 7 X kAT 1Y
R AR 2016 4R, HELRI AR NS R G (NTO), 2 EA/NER

WA NS ANEEN /L»A
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SRR RIS G, T B BN e WKRISMAE BRI (ASP) 55+
HUTE (BDW) . 5] 3-8 (b) A PURREIELR iR HGHLR LRI DI 53 K, HRRAES BN
PERA RS, B R-R (ERA TR, DU A

2021 45, RISHHYE A UOVMIRE B (EVD, AR (ASP) 5
Bkt (SLT) (3-8 (&) 5 (o)) o PRI, X=X
SRS I TR, BEIEEE £ R P T AR TR P A L
2 AL A RAI W0 R LGA [RI2E 5. 2021 4E %Ki
FEAESM I A BVI-EHEI. (€ EVI-RESEI 75 EVIIER LA, LUL R EVI-R5H)
KA

[ 3-8 (c) 5 (0) HPAARZRIE LTS, PAEGY R FHRCHRY B B 0 R A
FFE M ALK HET T K580 HUFRIOR DK S A B T-IR TR/ 7= 2 5 B
(SN AEIR ZAL R OR3P 5 2% AL Vs
FRBLRI A, TR R 20 o

(8 3-9 558 3-6 JET T AR AR RLPE R4 MU 0/ N2 P2 X I SR L A
AL, MR, e FRUES AU ZERIR N 2 R 54 L L, 2016
G, ERARCHIVRIC PR, BN S IRRIRBA R, AP R R
WS . TiTE 2021 46, SN 2L T HESTRBEA R Mtk R e T 22
BRI R A e RS TT A AR A B AR RS (R AP B
SO B, 2021 G B R A R RRO RIS, LURSRBEERA M,
RN AR T RN AN, KR SRS R W B 0 T AR 0
R A R R .

5 36 HAISUH T 4 A8 UM IR RIS BRI SR SRR o 2016 £EHR, A (ASP),
AL (NTO) AR (AWC) FUTTRRESI I 42.29%. 24.51% Fl 11.07%, 52
O HATE 5 S R 7 2 2 S I B THIAE 2021 6, SSRTURE B fir
(BVI) U1 (ASP) HYBTHREIRS, 5P 37.25% 71 30.07%, HYOHABEAS: (TP)
15 NDVL, SR WG PRI . M BB K SR PR N k2 5 AT R
Uil ASP ERMEGH PRI SR, SLE I A W KR
B BN A T R R S R T B

RSN RTINS T BB SR, Ity S
Al A2 10 X A S EOR EHA T RS

344 METEXEEAMNE
ARMEGT T AL L) GOZH F SAERR I R AT/ N2 P= i ) 23 (A 2 it . FRAEAA]
PR X FEI T XN MV A 2 Bist T, PAREAL H 23 R S Ak . [ 3-10 fEoR T
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[ 3-9 2016 £F (a) #1 2021 £ (b) FRETEXN ZIBRMKXEK/NEFI=BHRKE
Fig. 3-9 Contributes of explanatory variables for each pair geographical optimal zones of mean wheat
production in 2016 (a) and 2021 (b).

% 3-6 MELTENREREXSHIST

Tab. 3-6 Contributions of explanatory variables to dividing optimal zones.

2016 2021
A TUHRE A TUHREE
Variable Contributes Variable Contributes
ASP 42.29% EVI 37.25%
NTO 24.51% ASP 30.07%
AWC 11.07% NDVI 7.84%
WS 6.72% TP 7.84%
SOC 3.56% NPP 5.23%
PTO 3.16% SLT 3.92%
SND 2.77% BDW 3.27%
ETa 1.58% AWC 1.31%
EVI 1.19% EL 1.31%
TP 0.79% ETa 0.65%
BDW 0.79% AT 0.65%
NPP 0.40% SOC 0.65%
SLP 0.40%
EL 0.40%
CLY 0.40%

MR 2 A 23 [ RUEE N Aiaf T4k, H Q EFOR I AU HHEIAg
A2 Z T AHELAE R N2 B 2SR AT BRI I . Z52R B0, 2016 £R155 2021 4F
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» RS NRKN S EAF AR X B B0 R, 2021 FE4E 2 R
J l'l (VIC) HPERAAEMN (WA) (1Y Q EEF R, SOt JUE it AR X Le s XY
SHENIA R 2T, 2016 SRR GTIX R Q (EHCN 0.508, X fEHIZIX
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Flg 3-10 Q values in Austraha, hotspot and non- hotspot regions, and across individual States using
the GOZH model.

P O TRM R/ N A2 B 25 02 R B9 I 20 2 R 5 EERL)
FRAET TR, BRI, RS R PP 5 TR 3 B0 N
A R A R

345 HAIESITE
AT E— P A 2 A R A TTER AR 27K T iR S) (Power of De-
terminants, PD) {i S A58 SR PD fH, 43 [HI75 48 | GOZH BB EAR7R /N2 7 1 25 ) 22 5
PEJT IR RE AN, N5 IE GOZH R A R0 , ASCH I 5S 75—t 3 2 ) 5 o
I T BT RSB A ER RN Z$ AR (Optimal Parameters-based Geographical
Detector, OPGD) 47X b #r o
& 3-11 (a) 5 () J&7r 1 OPGD FEAY T & AR B AU Dk, A N AR B Mg 7 4% B
5 GOZH BRRFF—8 . 455 WK, 2016 4F OPGD #firf, 147 HE (BDW). A4K
ki (AWC). Jif] (ASP) HEA (NTO) [UTTHRE BN 14.2%. 9.7%- 8.8% 5
8.2%; I 2021 4FHr, EVIL FFKED (TP). i (AT) Sykifst (SLT) HymTiks
SIRIEE] 36.7%. 35.5%. 29.5% 55 24.8%. & 3-11 (b) 5 (d) XFEL T /M 7 40
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Fig. 3-11 PD values of individual explanatory variables in the OPGD model in 2016 (a) and 2021 (c),
Differences in individual variable PD values between the OPGD and GOZH models in 2016
(b) and 2021 (d).
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Fig. 3-12 Variation of PD values for the four principal variables across different stratas in the GOZH
and OPGD models in 2016 ((a) AWC, (b) NTO, (c) ASP, (d) PTO) and 2021 ((e) EVL, (f) TP,
(g) SLT, (h) NTO).

& 3-12 7R 7 2016 425 2021 421 GOZH 5 OPGD #4807, RiPU 4 A HIAE
AR A9 E7KCES PD ARG BLe 8] 3-12 (a)-(d) 43 BIXT R 2016 £ AWC. NTO,
ASP 5 PTO 455+ PD {254k ; & 3-12 (e)-(h) &7~ 7 2021 4F EVI. TP. SLT 5 NTO
EAR 2 A5 2N HY PD {HAAL S IR LI BE , GOZH BB /AR A i
5220 R K PD B 5T OPGD B, GOZH 7K PD [ 7 500 54 s
LB AG, 11 OPGD AU PD AENIPE SR, B THARAK o LA 2021 54,
EVI £ L2 0AF AL PD {H, SLT 5 NTO W5 mI/E2E /R ZGE B Rt Xigt—H
W, GOZH FAUAEANE 23 (A2 T 3R30 H BE m  ASUE M S A

w2, PMEERLLE 2016 AE5 2021 SR SR PD (B 43712 2016 4F OPGD 4 0.42,
GOZH 5 0.71; 2021 4£ OPGD 4 0.65, GOZH /4 0.83., Z55iEMisE0, GOZH FiRlfE
AR RN N2 7 B a3 R 22 St 7 T B SACYERE , 630 H B i iy b 3 5 o ke 101
E77o

o

3.5 itig

ATFFOEIL B A2 0 AR 2S5 R R S VRS 407 , M5 T B2 [ Lo
2 STRIE P AR BB IR 0 /N2 e 2 [ 2 S ol R 22 256, P Moran’s T
5 LISA J7itd/ N2 B2 ) A E TR R, PSS AP 5 B Moo RS . AR
e AR S AR, A4 TFSE R RIS A P I FR 20 X 45 (Geographically Optimal Zones)
TR S A3 R = 22 S G R o B FE TR AR SR b, it iR 4
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23 [ B RS DX A A e — 25 B AL DI ) S e s GOZH AR PPA IR I/ N2
FrR S )2 T R A = RS S AT AR . BE R A B TR 7R /N2 R A (A
. SRRSO o R R DA K T Y B A SR I L PR AR R SR
£, AMEETH I OR R 24

WORANIE FITRE, N g, JoEEH X s S5 4 10, 1+
BRI AR T A A= ML, AREB AR FaHl M DY R A K AR I L,
=oAL, BHIEEEMA, Bl NEFEER T IXE X ARE TR
v K. RARES KGE—X N AR B CE L, AR (B AT T8 BUR
TN AEZFNMN . TN S PEAFINE I F 7)) AZEFR KT, W/ A
JoRsE, WA ME (BT B 2INRIB SR BRI &R
A (YRR 7Y R HB A 70 R ORI ) [ AR A ) ) A 2= %
IKSOEHIRE . ERIM PRI ZE 2 B, AR TR H 23 [0 B A KT AT /N T~ i
IEREES A, LA 7040 Mo LM P 5 2 [R] AR SR AE

NIRRT, Hilig. e 2R SIIE RS A
N T EIK S (Ajami et al. 2020; Fan et al. 2018; Hodson and White 2007) . A B EU
B eSS IR R R E Y AR, B S RRE. K&, B
Bin 5 2R BT DU LN, RE e TIKRN /N = im i 23 [\ 25, I
W2 I 32 W 7. PS5 LR BRI N A SR, AR SR
BRFIEHT2EFIIPABEY LT XERREEAEN, R/ NEHEA™
i N HAS RS B0, 2020-21 EA2 Ry R SR I, e R aR IR, SEUY IR
UM RAREL (BVI) A2 i i B P <E [A - (Bureau of Meteorology 2022); [T,
e /R M5 2 22 RN E R RCR B T — 2P TR T IX—HE# {5 5 (Hughes et al.
2020).

AT FEAEE B B =S AL 7 ARG T LA 7 ) BRGS0 2 S ook
G307, SOR 1AL SRR AR A RV RHIE L2 R SR T B At B9 A /2 (Luo et al. 2022), A
AR O AL A RS T /N R ZE R ENLS, gl aiE s [ H K5
2= O SRR AL TR T IR R

Zr b, HR/NET RIS RIS RN TSR E AT HCR. RERE LS. Tk
TIRE . E ALV EUR MAESh ROV R 7 & R BAEZEE N, Mkl R
ST AT RS MIASK R B AL 25 R A 2 o0 B2

g H
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WAL &, T2 GOZH BRI fE R EOCRI L/ NS 7 e ) 25 [ 22 5 M LR Wi A
Fo BRI, NEFRAZENREN T RIBES SR, Ay, e, i
JRIE S PN AT S EAE R R E T 2 R N R . BT IR I ZE B4,
RGO H S EUS W R ERA 7, TS KR 0 A B R A X, B4 IX
SR IR A R A AR, O AR B A6 R s S BRI T

GOZH 14 55 OPGD BRI FEAE IR, GOZH (£ H148 i PD {H_EIRZTH S, H
REEPRIAEI A AL PD {H. 18] GOZH (EMFRA Y fras ) 22 57 7 TH B BT AT 5T
M EGAC T XS IRARAN N B 7 23 ) o0 e S L RGE LB IR . BTl Hh AT
HESR AT B A KX, HT A A REIEZ AR IR TP S ) 22 5, AT B
AR R R A SR AR R 24
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FNE F_HEREFEINHERNMNA

ARERRH T A SIS, HFET IR A T R S R
o WOTIRME R RIS 8 SR ] A A R A 8 X o 2 ) S i, BT
SUTE DS ) S R S i SR AR AL, IR A U R AL X B N 2458 A SR AR
XL RIS & VA FEAS U0 B R ARRE A b, TR R 2 48 8 Sy s IR T A Y, S
TS AR AR TIO o ANEREIZ T 2 B ORI NS R S T T 3%
EMB TSR AR ML 27 S A LRI AR E I BT bR B2, &
UE 135 R A 23 AR TN B A 2

4.1 HEiA

KIALISE, S RITN R4 07 T NE SIS 22 AR B AL #8-27 ~) BRI Tk,
B 2 Z RN S AT IR R R . Lig B4y (Kriging) SACERIIHSG 2477
TEAB E A 22 BT ARN 23 [R) &5 M R R A AT ERE N, R B 7 22 S5 F 6 AR M Rt A T e L
fmftiit, BRI IR S R R RE ST SRTAT, 12 2B AR A T X 4% R R
Faltk s S PME B A S U AR B TS R, E LA e R A AR LR I R AT
b fE S A RE (GWR) RHZ REY | (MGWR) J@id 5] A\ 25 [FIAEX
WSE TG, E—CBE EEM T 2R 2 RIS R, B34
L AURE . AERE KRR (290 A3 AR AR A (R e B S S [ T i
805 7150 AR AR B 5 8 SRR 2 TR i, (R 2k 25 AR TE SR 2 (R iR SR A
m. A RIS S AR AR B A R RE A R .

BE HLAR 22 S P L . BEPLERAR (RF) o ZFFIAIEAL (SVM) o BREEFETHE
(XGBoost) DAMIREEMHAMZSSE AT 12 N TEB . TR E. 1Er s
TINS5 A3 (RIS 55 P o JX ST A 3o 5 K R ML RE TR i 4ERFAE ()38 B 1
BERRT T IO, L HAR 2 ARG @ e R I SR, K2R E
FRRRE DA G NS RSN, AW NGELEE . B gitas S e 24
57556 JT M BIAME A O/, XELATE 53487 2 B) S ok s 20 DX S e sl 5 Sl
AN o FFRIEAE B IR A WA R = T, GBI A i LA 25 18]
SR AN, JELES A AR TS LSS A AT, AT BRI T AR X SR M AR S Y
PN SR BB o BERT BIRRIEL, ASCHE H 5 48 ¥ 57 (Second-Dimension Outliers,
SDO) FAFAELL, Wit REZM X Rat R A S 2 MO IE R E R, FAiE
SDO Ax i, ¥ HM AN IR, (IR B = R H E 5 RE T, MIm$E
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THEE 225 A 5 PR TNAS & 5 a k .

hfi ke BRI, ST R TR QA A R SE A (5 B AL 22 ST B, LA
PETHE R B A SR A R RE ST o R — 2 AT NS [ S T 25 R S P ak
2 A A, DASE AR o) 25 (AR M BT, RTS8 7 YR AP R B T AEAS i 2 [A)
ZSEE R, ML R AR 2 AMIEE . LSRR, — SO0 1 25 (R
TEFIPREE LB AR AR AL B AR Ay« SN My B R e S i Bk, 75 22
WX L5 AR A RS B, - SRR L S A IR SR AL R R T
WERATE. BIL, AR 23 [ PO Y 3 mli T, A BEEE—4 R R RE IS 3 = 25 )
S BEAMARSUMS EGEERERT L, i, ASCHRH TS Z4iE R (Second-
Dimension Outlier, SDO) FFHMELE,  DAIITE A 24 1if 2 ] PN AS AL A 2 5] 558 Wie 7
JTTE R, $ETHE AR A A = P IINEE T Sz RE
42 FE_HETEFEAIE
421 H_HEZTEFEHFTS

A 1 23 R OSSR = B R Tk B AR SR S, Bl E LA 22 ST s nlA gy
TN [ AR R ) A ) AT o SR, IR T A AR T A A s AR R DX R A
R E B, TX AR BN T e i R A e R TR A VB AR (B (Song 2022) 0 K58
BZ PR, R SCHE H — R s i 25 (RIS 28 4 R (E 8 (SDO) . SDO
JTIRIBIEAEAE A (U BB SURERZrh X, ORI QB  1 2 TR] Seie (, AATTS A
BOMYZEE LR UE R BEfE . T IX S0 si i S B B AR 41 SDO 45 i, 5
SIFIEFEA R A G, TR E s i i mol s .

gk AR, SDO FikHEAL N BEMRE. HE, SINEBRHEER
AT AR A 205 b 220 1 25 () S e AT b RS 3% T i o Hk, RIS (E
A LASETHAONAS B, BCEERAE S R/ MBI EBUR, BRI 2 . thoh, SDO
FERIAT F T Ba 0 B R AL TR, (S5 MURE 20323 X U404 v S IR e FEE T, 2Bk
B 23 )4 R B LA A O U2, SO0 T BRI S Ak TR B TR .

422 SDO t&#!

A5 ET SDO [T A& 1 SDO #M, Bl il R e, s
W 57 A8 i 5 28 A S G B A R . 1 DRI AL E N u, ARMMAS RN vo fEA
WFFEHR, ARRINL B 8 SOM I R AR R f 2 AN 28 A A B S XSk

SDO F A AR & Y EELDER (ILE] 4-1)

F— BB A REEE (RPg XN, F T A A &S [ RN A AR AL
EREEGEE S DOR/INIE T 5% X S By AR Y 28 [ R e . ROE S TR
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SBI. FE—ITREBERHM (OS)

1B R EEFEEL OSL:
IP(x,b,,u)=30°

5 R R4 OSE:
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TRANEETESFEREREN (OSl) XA

Y(u) = f(X, I(X, b, v))

b,: 55 a ANMEIFX KN
u s FEAR AL
- REARA
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Fig. 4-1 Schematic overview of second-dimension outliers (SDO) model for examining the relation-

ship between dependent variables

and spatial local outliers.

R R X AT B 2 25 A S (5 B, (BT RES I NG 2 ANEI I, AT T4
KRERIII AT, BRI TR B o R, 28R XK/ NS SRS X1 23 ] R AR DE R

— MR, S XA AR FIE 5 2 10 DYEEW, DRAFETHE SR S gt a4,
MG R AR D BB R T o % 1P DX BB TR AR e T B R R B S 1 10%
2 20%, DATRORAEIE XY 23 [A)70 Bl P 2R B (B (5 EL(Qi et al. 2022; Shi et al. 2021; Zhang
etal. 2021). HR#E FilbriE, AMFRABDEIREFRA T 6 M RE G 2 2 7),
FESSIERBIBARER R T 7 A %ep RS GEllN 1° 2 7°) « ZrhXEES R BT

CENCWIINE
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bpa=12..,m (4-1)

X, by TG a DNEIFIXHTRUIN, m NZEMEIE, K N XA %L

B RN G v YL B N B SR b (e X TR et KU, i FRRFEA
UABIZE XA RUES HUORE, SRR LI RS R =i {E . i (iR A A
BRI T HI A (ME) BB R E L, HERT X + 20, WIHLDAIE ) =
W (07): #H/INT X =20, NWEARMRFEE (O)) XTH—fRAR, HEME u
F SR S (B LT

O,w),s=1,2,...n (4-2)

S, O,) HIEGEME MR E 0 IR R, s FRE s NRRE, 0 WX
ISIEERSLRIENSS

=M EE R i E T4 (Outlier Strength Index, OSI), AT HA AR FREAL &
FEARTRDRJEE R [ 1E [y sl 7 i SRR . OSTad i i 22 A2 o KU R 1 Al S (B R T
S E, Bk RE PR 2 AR REeA RS . HitEA T

m
1P(X, by, 0) = ) OF (b, 0)

s=1
IV(X, by v) = ) O (b, v) (4-3)
=1
I(X, by, 0) = [IP(X, by, v), IV (X, by, v)]
LH, X RRAF MR, b, B8 o MRMWIEE, v R T HIREARCE v
0P X by W — DAL E . OF by, v) F1 ON (by, v) 2 HIFETRAEIZL M X N T
z-score IR E A SE . 17 F TN 43 B R AR E R T Y 21T 1E 1)
550 SRR A KT AR RS A TT R TN (L
TMie il —4H SDO A%t o IXLLAS RIRAE N 22 KU 2 [RIRHIES | NSRS A, (AR e f
FREAFEB R N ESFES, AT I .

BV R FIA REA T R 2 BE S SDO A it (B 1P 5 1) 454, HEas AT
MR, SR FEFLARAK (Random Forest, RF) 53 #5[A 514/l (Support Vector Machine,
SVM) ZEN|a82F S EE - TR, 0 EL SDO A5 5545 458 | F 2 (R AR A TS B 77 T
HIZE 5o AR SR AR A 25 [R] PSS 2 ) JEE AT AN T

Y() = f(X, (X, by, v)) (4-4)
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A Y () FORAERFENLE u A 2SRRI AR § e X SR FIRHIRRRE AL &, AER PR
(B EBOM o 1(X, by, v) FREE “HEL R LR, RAEAFZN AN b, W, HTAR
SRAEALE v ALHY X S 0 P S A A8 B BRI f () 2o TS [ 0 AR (451]
WNSZFFF AL SVM.L BEALARAR RF) , 20858 [a] B 7 R AR AR AL B X LUK i B B =
WA TS SeERIHR HATE . ZOTIRIFARM X halBRmm (. 2 iE i
Mt R EE, DUE R A HelRE

43 MRS5TIE

4.3.1 HARFRIRR It IE

ARFENG S AT SR EREL (SDO) B TR/ NZZ 7 v ) 23 A ], B A
FerF 2021 AT /NN 179 S 77 B X8, (Local Government Areas, LGAS)
(Feng et al. 2022) . /NZZ =i R T KR SE 1R (ABS) (Australian Bureau of
Statistics 2021b) , DARE> LGA -3 A D T A AR ey i | A% o 8] 4-2 JoR 1 2021
TR F/NZZ AT N 179 A LGA [/ N2 P i A, o 32887 BRI e R
N (NSW) =R 4EZ2 RN B FRT P 3 P o

) =5
Average wheat production (t - ha™')

0.07 25 0 B

4-2 2021 FRAFI/NEH R E LGA FERNERTE-
Fig. 4-2 Annal wheat production in Australia’s LGAs within the wheat belt in 2021.
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TEREAAREFANES: RN~ S5 REEE, BRI 4-1,
A AR S K, BRI ERAS-Land B8 tE, $24t 1 2021 4F
B/ N 0.25° 73 HeR AU P H{E (Hersbach et al. 2023) . P48 HHALHE SL R 25 HL
(ETa). JH—{bHE#eE0 (NDVI) FIERAE 4T (EVI). ETa 47>k H Google Earth
Engine “F-5 _ERJ CMRSET Landsat V2.2 4552, 2587 #% 4 30 >k (Guerschman et al.
2022); NDVI 5 EVI 452 B MODI13A2 V6.1 j= i, 70 #E% 4 1000 >k (Didan 2021),
TRk H CSIRO KA MY 4 53 3 A% (SLGA) Hdlafe, BT B4R
(NTO). &8k (PTO). fbkiEEB] (SND) Shrtbfs] (SLT) FExf /N AR B 15
JEYE (Rossel et al. 2015). [&] 4-3 JE7R 1 /N2l IR SUARREAR 1 28 (A 0AT 1 o

X 41 BEZWNEFEZTHERNBRETEMRR
Tab. 4-1 A summary of explanatory variables that potentially affect spatial disparities of wheat pro-

duction.
SR 2l oA B S
Category Variable Code  Product Resolution
= fit /= 3H
U i AT ERAS land 0.25°
Climate Air temperature
R [k
B TP ERAS land 0.25°
Total precipitation -
I ZEHUE

. o ETa CMRSET Landsat V2.2 30m
Environment Evapotranspiration

IH— AR E

Normalized difference vegetation index NDVI MODI3A2 V6.1 1000 m
T 5 b ek
SRR EVI  MODI3A2 V6.1 1000 m
Enhanced vegetation index
- .
LA BR NTO  CSIRO/SLGA 92.77 m
Soil data Total Nitrogen
= PTO  CSIRO/SLGA 92.77 m
Total Phosphorus
bir
DL SND  CSIRO/SLGA 92.77 m
Sand
NI
ijijlﬂtm SLT CSIRO/SLGA 92.77m

AT AN O BALTIORANL/ INZ A N BT BUF X3 (LGA), BB 173X
2 LGA JY-PR/NE 5, FRAEEA TR BT, A 2 E/ N ra P &
FZHEAT TR ERAE , TR OUERBE /N P DN AU B R A RTINS (90 9 AL B A,
R AL I R 44E Google Earth Engine ~f-f5_EBHT [ HSRIE, A5 MM ERITH
HFEMEREAS A FGZ LR AL RGN 2 M R _ERYHFAE.  EIR B ERARUR T A SR
2z, [RIR iR ER i R AR A R 2 TR BAT AT — 2
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Fig. 4-3 Spatial distributions of explanatory variables in 2021. (a) - (b) Climate variables, (c) - (e)
Environmental variables, (f) - (i) Soil attributes.

432 EF SDO #EE I HHE

ARG el AR SR VAL T Y 26 4B T R ERRL (SDO) B TERE. 1E
BB, T 20 X 20 {1 —4EZS[AI N BEAL AR B TREAR I AL AL B o W AE 1
y VAR DI RREAR 1 Xy~ X x5 T g IR N RERLAE R (&1 4-4 JoR T iy AR i y S5 P91
fE RS B S R A I O, AR ARt [ R DG PR 4 AT &

BRI EA S LT (lon) « 255 (lat) « Wi AR y MPUANMERRARE (x)
Xo~ X3v Xg)o FEERYAEAS [ NS (aspatial model) 575 LUK DY/ REREAE et i A\ T
Wy FE. BEDEERE LA 300 DMREART, Hb y FHBUETEE Y 3.42 2 8.26, ¥
B4 6.09, T DX 38R FHARTEE 20 X 20 [RRIN A%, 26 VLA 1 22 20, f ks
MBS R A () 2 xq) , BRI — R 2 AITUAESL . £EAE
TIPEAG Y, SR LI HE (five-fold cross-validation) 7772, B EHEEER] 54 80%
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(240 PMHEARD HIT IR, 20% (60 PFEARD FITHIE, DA PR PR AL B RS a1 o
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20 . x1 X2
201 ",
of.
019 .
3 % Lg 15
=
=10 6 .
101
w4
5 ) N %
[} Value
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(c) 20+ . 5
!4
Y 047 | 04 | 026  0.11 K
151
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4-4 BEHBRENZESHERL, SEEZE (a). BRTE (b) REAXEST (o).
Fig. 4-4 Summary of simulation data including dependent variable (a), explanatory variables (b), and
the correlation analysis with them (c).

433 FEHARMEITAE (RF)

BENGREAN ()Y, Hrbx, € RY by d EE I (A& 246 sk
HZS A L) Ly € ROMIR ASHE (Pt BROBHSRRSE) o BEWLARARE IS LA 3R
A7 23 ) ] Y T -

1) MR S8R X r=1,....T:
1) F B BIATRE B BA B A i 4R 9
O Dy EYIEAR £, TEAFUCH 50 ZATBENLIEEL myy MEFEFE LA T 1R 2 5
/M B SRt 4
T )
A 1
fuw=7;ﬁ®. (4-5)
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) BIMRE G REEE A, ST AR 2, (1 OOB RETIIEHIE foop(X))
I

V N
1 .
OOB-RMSE = \J ¥ (3= foon(x))”

i=1

XAR G X, fE45 OOB SHRERALERL x; Jilsc iR ZE R, P 5 RN H B

3) 2 MIRHE AR SRR AL 2 () T 5 T B A S R S e o P SR
fit:
S ARBRIE - LB LA P IE BL PR AL { @y (lon, lat)} ZRN x vhr, IR IR 5027
S EESS
SRIGETE: RIS RB I T B H AR AR B E IR A AL
FRZE-FEHAE (RF +O0K): S8 RE BIG ARSI, BRI % ¢, = v, — f(x);
X e BT ST S (OK) fffH, AT

$(s) = F(X(s)) + éo (s)- (4-6)

4) D RRXEAE RS R H AR B ARWRZ, RT3 XE G2 spatial
block cross-validation: {:3)|%5,/ S iEAF 3 I ORI T AR B ER S 2550000 5, DA
RIS B SR AR ZEA T
S) AREMERAL AT AR SR AT AT AL £ B X ] -
T
820 = —— ;(fxx) - f®)?,
w454 T055 /NI (Infinitesimal jackknife) (Brokamp et al. 2017) 4= jif 5 A e 1) B {5
DXJR), s TR RS R A RURS: A o
BEATLARARAE 23 [ PO - ) B DA 31 v P o () 25 [ WA T A 5 5 P 2 T 52 S
Bk L (4-5)-5 (4-6) B A S RZH{EMESE . RF AIAE4li R E Z0dR 4t R RV A
PSR HAESCRAE, |2 TR RefG B R kA e S
IR XUR PRA S 47 352
434 ZHEENEEAE (SVM)
BENEREAR R ((x p)} Y Hibx, € RY Sy d 4ERFEIA B, y, € R YSLAENAR . 1F
M=, SVM BAEF S KA
f(xX)=w'x+b, (4-7)
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A RER I FEATE N TE LN 26 HOETTEN s AT ESMEARLAASIAS 5 (&, &) i W B A2
o HJFIRIUL RS 1

N
i l 2 . .
ymin S lIWIE+ € ;@H &)

yi—W'X;—b<e+&, (4-8)
s.t. WTX:‘ +b—y <e+é,

gp‘f,*ZO, izl,...,N,

A %IIWII2 IR IR, C > 0 NART 25, T PEREL R S X E S
FUAR L o A% B H 315 al R ) (X (4-8)) et e

N N

N N
(@ — @), — @)K, X)) — € ) (a; + ) + D yi(a; — af)
Y i=1 j=I i=1 i=1

N (4-9)
s.t. Z(a[ —a’) =0, 0<a,a <C,
i=1

o K(x;, X)) = d(x) T d(x;) W HREL, p(-) A Bt mess o X i) A (X (4-9)) (U &
FEARNTR, AIE AL R B IR R TC 7 BT B 4R R o B (ap, of) T
J& KKT 254 (Karush-Kuhn-Tucker Conditions) , 18 {UA M/ DEFEAI N a; —af #0,
IXRLEREAR R A SRy . SEIFFIE, TN REEE RN

N

f) =) (a; — a)K(x;, %) + b, (4-10)

i=1
AP b AT KKT R siFASE ok 5 . AR RO LRA A T3 4-2.
20 (W RBF 1 y) 5 C e R PERRIAIZALRE ST, Rl 5 AL R M A R
BT
* 42 ZHFEEN (SVM) ERAREHSEESHIRH
Tab. 4-2 Common Support Vector Machine (SVM) Kernel Functions and Key Parameter Descrip-

tions
EESi! HeEFBR K(x, X)) KA BRI A S
LM K(x,,X;) = XX, g
LA K(x.x) = (yx/x, +r)° v WIREG r WG

d: A
I, =1 - :
=) o BRI (7= 1120%)

Sigmoid 1% K(x;,x;) = tanh(y XiTXj + r) v AR EG r WAL

Gaussian #% (RBF) K(x;,x;) = exp(—
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SVM BT ZLMBAE: (1) DU ORI SKRIFHEZS, PEe /it (2) @
o e ANEURERK R BN G i U, S e HdE B s (3) M d RS
AR RE, RS A S B 4E AP LR G (4) R R B = 4
RPAEZS A SE IR A AR e, Jomh AR TRE . fSan T il . SVM AR/ MR
EAERE S ARZelt B R RO TIINAE 55 BT 58 . ERCHIEESE . fOGERE. &
Rl R PR TR SR AT P R A

4.3.5 SDO =BT/ & F= 8 R SLI it

SDO FAL Y AE/ N A 7 et FR 1 25 R U S 5 35 11 A0 (6] 4-5 Fios o S8 —20, WERIFTIX
/N2 = T s S AR i, AR R R BRGSO . R TR T
ACEE AR AR e . 56 20 AEARR G RUZE T RO 25 (8] S (e, AR
XIS AR S AR b . SR =00, % SDO AR R SRRl (SVM) BEiEA 7 As
T ZBVUE, K SDO AR 7SR HA AL -7 SR 25 & EA T He e oA . LAPFAl SDO
BRI . flm, IBHEEEPERERAICAY SVM BRI T i & 100, I o4 SDO-SVM
FiR H9E 23] SVM R ZE AR B i . NSW 31 [ 7t 8 200 A2 4% 0 Pt AR 49+ A 25 7 T
7 5% o

b, WA IR A A TR TRAL AN AR e, SR XS N A
ISR R o R 9 MR IR S RS i, LGA 1-FIER T
YIRS, T FH 000 Y WA B TT 20 R 0 1000 K

S0, fE SDO U7k, AR (N 1° 2 7°, [[kE 1°) FiRBIEHED
R, AR R ETREC (OSD) LAAE RO B HY SDO 4B & ARYE S E A AT
7, SDO &I 5 M IE R SDO 5 1ija SDO . AR ARG G P RS T 3k
A 14 4> SDO A8t (7 4~IEIR, 7 Al .

5=, SRINET SDO RYMLER=E > I kX /N S A T 25 [ T . SVML IR HL L4
HZACRES T WS E S e SRR AT PRV . B T A B2 sy (Cherkassky
and Ma 2004; Yu and Kim 2012; Zhu, Hao, et al. 2024), SVM 8 &/ METTNRZE, FH4R
FRREA AP IRIEI R P AN SE 3 = %91 (Yu and Kim 2012) 0 HAZ R AU
Wit 2 ks (], ARSI AT AE AR 2l 23 [a] Al e s A [ ) ~F- 1T (Abakar and Yu 2014) .
ARG K H E 21 K% (Radial Basis Function, RBF) {F A#% K% (Ding et al. 2021;
Wang et al. 2004), FiA=aT:

T
K&, 7) = e7l5il (4-11)

XA, X 5 5 VRIS, y SRR EURE RS ERR A . 2y RO, EA
FEASTRARMR R ™, RIRERCON SCFF IR R 1y BRI, BRECE o8, HE
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N R R S 1 BIELEST BT
1P A B )
e
¥

S 2 ARE-HERE (SDO) TE H 3 BT SDO WML B 2
Wi RS SRRy -
(I R o) i oy ST RALEVM)

|
: i

2 (TR e SR I S B ] -
158 (OSls) TREEIEHC (OSIs) SDO-SVM I

LB 4 ERIIGE LI 5 BTN ST
i A8 ISR SDO-SVM ATy 751 il £ SR
e[ el e ) i :
SDO-Hl &> SAEZ= 1A SVM A% L

SVM: FHqmEAHL (Support vector machine)

’ I 5 22 o X 1] RF: BEALERFRK (Random forest)
CRM: Cubist [i] J9#5%  (Cubist regression model )
‘ Ji S 22 e X ) B A ‘ XGB: sERRTt (XGBoost)

GBM: FEREEEFIHL  (Gradient boosting machine)

’ ﬂﬁ'ﬁlﬁﬁﬁ KNN: K jr4F%E % (K-Nearest neighbors)

ENR: $%:RIZ5 T (Elastic net regression)

4-5 BFMMBEXFT/NEFEN MBS (SDO) REFESE,

Fig. 4-5 Main steps of the second-dimension outliers (SDO) model for predicting wheat production
in Australia.

IRIEIEIN, S RAE . SDO 5 SVM RYSERHFETE T AR JRy a2 ) S By S 1k
TR TP A adetE AT 5 [l T e a

SV, X SDO B N EE SR AR =S A AT LU, T JR U E 53 Hr AR IE
R AR M SRR . A2 55 =25 R0 SVM BERUERE F . BN FvE, LS 2 > 4
RIS TR EE AT, 0008 BEFLERAR (RF). Cubist [E[ 4R (CRM) .+ AR 6 $2 T
(XGBoost, XGB) « # Tl (GBM) . K P& (KNN) S ElH (ENR) .
R ENEAE AR BB S T R aspatial #5575 (411 aspatial SVM. aspatial RF. aspatial
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CRM %§), 1t SDO iS5 Mg Eas Al (41 SDO-SVM., SDO-RF. SDO-CRM %),
A R 24057 F 4738 W IHIE (Five-fold Cross-Validation) /7| Z5FIME , AR50 {8
80% HEZR, 20% HITHE. thoh, BT 122 XA S BIE R E N B EURPE S,
DA AR AR AN [ 25 (A S 800 B B9 AR R

TSR AR iR 2l g REL (R« WITIRZE (RMSE) 54
iRz (MAE) 50 =FaEtragit & n St :

n
20— f’i)z
=1
R=l-—— (4-12)
Z(yi - ¥
i=1
—
RMSE =~ ¥ (5 = y)? (4-13)
i=1
1 n
MAE = ;Z|)7,~—y,~| (4-14)
i=1

K,y FORWMIIE, 9 FORTUNE, 7 NWMELE, n AREAS

BG . ATSCEET SDO-SVM M XM AFIE /N 4 IR /N2 72 B AT T 2 ) Tl
W, XS TS AT T VP o BT R F BRI SVM B 5 SDO Rk, X b H:
5 aspatial SVM IR TRIMMERE, LB MAE R2. RMSE 5 M AE Z53545 T
L. HE—2, ST EREEUR N (NSW) /NS I W, e T %
JH T2 SR 5 B M ATRRAE . e 2B 00IE T AR 5342 H A9 SDO R AE Sl 7 FH i ofi
A SR

43.6 SDO REIBI ST

ATt B SDO IR . N OSEGT T BB E T, FETE
ZE XK /N MR Y 0428 LA S 1 R 1) B (B A R T 285 SRR 52 o 22 1 XK/
IR B R 5 M S i (BN IR B ] L 17 2% v DX AL DU e X T R AL S e AL A AL A I [ B
R SEE SR (E A R 0 (R R G AR v 22 2R P e iR ) 28 ) S e T SR B o e R
X =A2E, ARG T B[R] 23 [0 RE R B ASUE M-S e 2

FLRIERAER, SR XK/ RS =B, Bl 6°, 7° F1 8° #t74efb, 43 JlitHA
TR X IE S AR A, TR Y SDO AF i, 45 A HLas ¥ IRl &
HZS AP 22 I F ) MR Z (CV-RMSE) o [A]FR, J##eg2 v X FME (fn 1°, 2°
F13°) SRFGNER S AR E, HFREERAEARSEIE FmEGEL . &
&, ESEEPERER S EEREE N LS SREZ, 2 EirfEZE, 2.5 SRt
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%, B LA CV-RMSE HUA R IL. XAl 750, RERIIE SDO AR H AT TR
SRAVEEIE, HXS SRR BURIERY N, RS R a e mEds o Aits i, BT
BEHNETER S

44 RS

4.4.1 SDO tRBVEHIHIE

X1 SDO B, ESEARIEFREA RS HARMARS RBIALE, IRBIAEARIZZ R N
AR AR T Y IR R 5 B A 25 (A Sl e Bl 2 Tk se i (i AR i 5 R 40 (Outlier
Strength Index, OSD) , FHfEIAIEXS A SDO A5 Hto 8] 4-6 JEoR | 3T HEAS =S Al
B RPREAS S x v xon x5 5 xg AEZR PR 2 2 7 MEEA IR fR SDO A (3
24 1) o JX4E SDO A7 e 5 U AR AR 5 — (R TR s TSR o ANBIF 2 2R HTBEATLAR K
(Random Forest, RF) 53454 (Support Vector Machine, SVM) ] g 27 > BTk,
TR F 2SR (aspatial RF Al aspatial SVM) 58§ SDO 2 YR (SDO-RF
5 SDO-SVM) . FHXS 5 RFEA T HE B 04T
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L S g 0 E S| 0
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4-6 H SDO R EMHREIHERTENE _HETE. Hp, F8 )M n FHIRTES
BRAMAERES, FEDb2. b3, ... b7 RREFRK/NMN 2 2 7 BUATER .
Fig. 4-6 The second-dimension variables of the explanatory variables of the simulated data are gener-
ated by the SDO model. The letters p and » mean positive and negative outliers, respectively.
The letters b2« b3, ..., b7 mean the buffers with sizes varying from 2 to 7.

[l 4-7 (a) F1 (b) JE7n 1 _LIR PSR B 23 R TINEE SR, A0 T N E S B SE
Z A B JRAEH O R B (R) AEATERETEAN Fabn . 250580, SDO MBI AR FOMRS & AL
TR R, TOMZE R A, e MR TEARE X 3 (SHERMRE) . H
Hh, SDO-SVM B R {H )7 4G SVM iR 0.48 B EETH2 0.70, $2THIE A E
45.8%. Wb, NiE—L ot & AR N TR F DBk, [% [ aspatial RF 55 SDO-RF
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Fig. 4-7 Results of SDO modeling on simulation data using random forest (RF) and support vector
machine model (SVM). (a) SDO prediction result using RF, (b) Aspatial prediction results
based RF and SVM, and SDO-SVM prediction, (¢) Importance of the individual variables
for the aspatial (upper) and SDO (lower) RF models.

AP A AR R (LK 4-7 (o). SRR, MBI, x3 BN R R
HAS e AR (£ SDO-RF BRI, Ji-H KA S A AN x3 SHIRAERY SDO 22k,
BE— 2B I T 2 ) i (B S TR TR ST BE 7 Y EEAE A

IR SRR EE RS, SDO ML RS BT Jay il 25 ) e (5 R BEA TS A [ FE o
FEPNAS L S5-I E R RO RE ) AU & RET5 1T, SDO A RUEAR L T4 4
AR TR 7 3%
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AbFE .

B R AT ARSI AT, SR 4-8 R . AR, B
SR AR (NEE= &) Z R EAT A ASRNE , Rl Ui 288Uk EVEL NDVLL &
BsK S Mk (Silt) SERL (Sand)o #IEETBUERKGE (WS) VEOMEARREAC R, H
PSRN M1 0 7s MUs 5 /N2 e e A AR b 2 TR AR SR ARG, e e A 17 LA
I

HAE SDO ARRIAE 28 KA A 5 T WA B2 B AT, SRR [F) b RUBE T A A
RS AR (A, IF RO R A S 58 S HiE 2 (Outlier Strength Index, OST), AR K
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Fig. 4-8 Correlation analysis for wheat production and explanatory variables, including air temper-
ature, evapotranspiration, EVI, NDVI, total precipitation, total nitrogen, total phosphorus,
silt, and sand.
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Negative

mw— km

N "/ \/ N / g g’ R Sl 0 500
M 49 FREMET SDO R EKH SDO BETREAH, HEISERERES, BEXRRA
FE o

Fig. 4-9 The distribution of the second-dimension temperature variable generated by the SDO model
under different buffers, which includes positive outliers (red) and negative outliers (blue).
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Fig. 4-10 Distributions of the second-dimension outlier of explanatory variables, including total pre-

cipitation, evapotranspiration, NDVI, EVI, total nitrogen, total phosphorus, sand, and silt
generated by SDO model.
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. Hr, SDO-SVM BRIzt hEmfE, R 355 0.713, 1T SDO-KNN (0.643) 5
SDO-RF (0.664) ; 7E RMSE J5T, SDO-SVM i%Z /N (0.291) , H¥k SDO-RF
(0.321) 5 SDO-KNN (0.322); [fife M AE J51ii, SDO-SVM (0.218). SDO-KNN (0.217)
5 SDO-XGB (0.239) FIMEA. SMKME, SDO HMILE A TRlR BT HAE
23 (AR R AR, Horp SDO-SVM R I S 4 A1 RE . J00E 1 SDO BALAE R FE AL o
1 220 B 25 B S A5 2T T A3

% 4-3 SDO BEEH TS EMAEN 85 5 IR REBENM LA (IEEETERS

89 SDO £ 8).

Tab. 4-3 Improvements of model accuracy in machine learning by SDO models compared with aspa-
tial models (bold values indicating the best-performing SDO results).

Model RF CRM XGB SVM GBM KNN ENR
R? Aspatial 0.500 0.653 0504 0.532 0.549 0479 0.558
SDO 0.664 0.684 0.643 0.713 0.657 0.643 0.614

Improvement 32.6% 4.8% 27.6% 33.9% 19.8% 34.4% 10.1%

RMSE Aspatial 0383 0321 0381 0368 0369 0386 0.360
SDO 0.321 0308 0321 0.291 0316 0322 0.335

Reduction 163% 42% 159% 209% 145% 16.7% 7.1%

MAE Aspatial 0288 0.243 0.286 0.271 0284 0.299 0.292
SDO 0.247 0217 0239 0218 0.239 0.244 0.249

Reduction 14.3% 10.6% 16.6% 19.6% 15.8% 18.3% 14.6%

NIEAl SDO IR A, ST Im I WLz rh R b 22 i B DA S (E M E
(brifEZE, SD) FBEUERME ST B 4-11 25 T AESEOEE T I3 NI IEL Ty iR iR 24
(CV-RMSE). {EE] 4-11(a) 1, ZzrplalbgiE ey 1°, Zaps{E Blih 6°. 7° F1 8%, 45
R iP7R CV-RMSE BRI, A (E A 7° IR ZE AR (0.291), 45 6° FE{I% 1.17%,
52 8° 1810 0.83%. [&] 4-11(b) A4 BIEE N 7°, XJZap Al bgdEfTillial: Rk oy
2° [}, CV-RMSE # 1° #2155 2.21%; Y[afg oy 3° B, NEE 1° NEE 1.31%. 4 4-11(c)
PEAG T AR 0 S A B {043 O URE . 4903t 1.5 SD. 2 SD 12.5 SD, CV-RMSE
771 0.291-0.299 2 [i], HH 2 SD R ZE &AL B 4-11(d) LR T8 S8R E T
CV-RMSE [ H 4> e84k, Hy shg#shilfe £5% LAN . 254 FiReES, 60 SDO fEil
B RIFmafdr:, HEROv e AR S RIS EECE T IRFRE; A, S48
ARG INARERTT TR ACRE ST, A IS BEAR R E B 22 rh 280045

445 NEFENZTEHRNSIEG
& 4-12 Jgor T 9EZ5 R SVM A5 (aspatial SVM) 555 — 4k i e <7 e ) 4L (SDO-
SVM) #5123 [B] T 25 B 6T b o SE S AR RIS AYAT L, SDO-SVM fir A il i Tt 25
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Fig. 4-11 Sensitivity analysis of the SDO model: impact of buffer threshold, buffer interval, and out-
lier (standard deviation) threshold settings on model accuracy (cross-validation root mean
square error, CV-RMSE).

SRAEZS RS T 8, REAEOREE = RIS AR R RIS, A ROt R &
Jai R EE (8 4-12 (). HALZ T, aspatial SVM AR - TN 140 U R B i A HH K
FIAEIE R 25 A A4 (181 4-12 () » i3d R2. RMSE fl MAE —Tidhrxt pifh
BT E R, BB I0IE T SDO KRR EREML S . EUAT 7. SDO Biffg R
M 0.531 $2FHZ 0.713, HAMEk 33.9%; [Ff, RMSE fil MAE 433 %7 20.9% #il
19.6%.

{HAF SR E , X PR FH 20 [ — AR A &, HLS SR T R B PRI AR
= ihe WE ) REEZ AL T SDO *%TF”%I)\T%MM@“;E_ FET AR, TR AN
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Fig. 4-12 Prediction of average wheat production in Australia based aspatial model (a) and SDO ma-
chine learning model (c¢). The importance of top 30 SDO variables (d) and aspatial variables
(b) in the machine learning model.
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Fig. 4-13 Comparison of SDO and aspatial model predictions along cross-sections in the wheat belt

region of New South Wales. (a) Locations of section A (southwest to northeast) and section
B (northwest to southeast) in the wheat belt region of New South Wales. (b, c¢) Predicted
wheat production along sections A and B, comparing SDO-SVM and aspatial SVM mod-
els. (d) Original wheat production data with cross-sections overlaid. (e, f) Predicted wheat
production from the SDO-SVM model (e) and the aspatial SVM model (f), with overlaid
cross-sections.
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Fig. 4-14 Density distribution map of the average wheat production prediction results of the SDO and
aspatial models in Australia and each state.
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Fig. 5-2 Spatial distributions of second-dimension spatial pattern variables (SOPs) for TP, AT, and
EVI across multiple buffer scales. The buffer sizes range from 0.1° to 1° at 0.1° intervals, with
both positive and negative SOPs identified within each buffer.
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Fig. 5-3 Comparison of explanatory power for original variables and spatial pattern variables. Sub-
figures: (a) explanatory power of individual original variables (Vars); (b) explanatory power
of individual spatial pattern variables (SOPs).
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Fig. 5-4 Interaction explanatory power analysis of SOPs. Subplots include: (a) interaction explana-
tory power between different SOP combinations; (b) interaction explanatory power of pair-
wise SOP combinations within three variable categories.
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x 51 NEFEZERRESHHET 10 A SOPs tHEERIIBRE NE
Tab. 5-1 Power of determinant (PD) values for the top 10 SOPs interactions in the spatial heterogene-
ity analysis of wheat production

SOPs  SOPs qu Sig.
ETa PTO 0.305 5.07x107"
NDVI PTO 0275 5.13x1071°
NDVI SND 0263 5.85x1071°
AT  NDVI 0255 5.63x107'°
NDVI  SLT 0.243 6.74x 10710
ETa SLT 0242 6.78x 107!
ETa NDVI 0.237 5.65x107"
TP NDVI 0235 4.71x1071°
ETa NTO 0233 7.21x107%
ETa SND 0.232 9.71x107"

H 25 [R) A1 A B 3 52 o

534 SOPs 5RIFTEMXREIEA

IR TT SOPs AT HAE 44T, EAk SOPs AU & 1 Lh JFU A 4% 1 5 22 119 5[]
SRR AAESEFRN A, SOPs HJRithAs it (Vars) [WH A AT RERR AL 2T YA
[FIfERE T TEARTTHE—2L 5041 T SOPs 5 JFURAr RIS HAEH -

1 5-5 (a) JEon T B — A AR fi b O W 1 B — SOPs 4 J5 YA ELAVE IR 10 A
B AT A A, fER—A LT, A SOP YRR AL IE A2, Rk
(R 7K AT IH B T A R A s B AR AR o 36 5-2 Bl T /N = a3 i
S BHESTHRT 30 4> SOPs 5 Vars AHELA/EH iR Ji(E. LA S|, SOPs 5J5lHAr
EH A RENS B PR SR NE P s R A R T Hor, TP 5 SND A & ke
Jfers, R8T 0317, HikjE TP 5 SLT (A (0.316), ixXLEZERER], SOPs 5
AAF RS ELAE F REAS B B R E /NG P i 2 [ A T AR RE

1 5-5 (b) JE/R TASEIZE 1A e 5 XS WY SOPs 4l A iR S, LA A%,
s g (C1) 5 SOP JEHY 1@tk As i (SOP-C3) HILH GRS, k%117 0.62,
1M SOP J5 <Az it (SOP-C1) IR (C2) WA A MR 1Ak, U8 0.36. X
FEMH AR -1 R 22 RS B U (X R/ N2 7= I 25 ()43 AT o

Bl 5-6 (a) on T HE—JRIAA EE (Vars) K B — JFUIRAR 5 HO W 1 5. — SOPs 2
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Fig. 5-5 Interaction explanatory power analysis of SOP—Var combinations. Subplots include: (a)
interaction explanatory power of SOP—Var combinations; (b) interaction explanatory power
of SOP—Var combinations grouped by variable categories.

%52 NEFETEREMESTHE 30 4 SOPs 5 Vars tHHEE AHREHE
Tab. 5-2 Power of Determinant (PD) values for the top 30 SOPs—Vars interactions in the spatial het-
erogeneity analysis of wheat production

Vars  SOPs qu Sig. Vars  SOPs qu Sig.

TP SND 0317 337x107° TP SLT 0316 6.23x1071°
TP PTO 0316 3.82x1071° TP AT 0311 7.86x107'°
TP TP 0311 7.86x107'° TP ETa 0311 7.86x107"
TP NDVI 0311 7.86x1071° TP EVI 0311 7.86x 107!
TP NTO 0311 7.86x107® AT  SND 0296 4.49x107'°
AT SLT 0286 7.75x107® AT  PTO 0285 5.22x1071°
AT  NTO 0284 245x107'° AT EVI 0284 245x1071
AT  NDVI 0284 245x107'° AT ETa 0.284 245x107'°
AT TP  0.284 245x107'° AT AT 0284 245x1071°
EVI AT 0273 728x107' EVI TP 0273 7.28x1071°
EVI  ETa 0273 728x107® EVI NDVI 0273 7.28x 107!
EVI  EVI 0273 728x107® EVI NTO 0273 7.28x107'
EVI  PTO 0273 728x107® EVI SND 0273 7.28x107'
EVI  SLT 0273 728x107' NDVI SND 0.182 1.91x107"
NDVI PTO 0.182 2.63x107'® NDVI SLT 0.180 3.89x107'°

BE, F NI SOP AR 5, HME AT, TTHZER

A (C1) RYFRTHIREEE R, A2 7 0.1560 Xt RlEER LA, BRIS] NRAE %

Rz, ARG, (BRI RRRREXT S R A BN, JoH
& AR A AERR GRS, T REZS S EURRE Y ITT AR

77



PEAEAIRBHR S 1 28 S

5.3.5 REIS{KIGIE
FERRL RS IER 4, JBILFUAE, SOPs 28kt LL R A ik 5 SOPs 25ty

= AN

YLE SR LEBHXT/NZE = b 23 A o A BB AR

(a) PD: Variables x Variables + SOPs (b) PD Difference

[ variables [Jl] Variables + SOPs
SLT |+0.000

03 SND | +0.000

PD Difference ((Variables + SOPs) — Variables)

Pro I 2 015
NTO |+0.000
0 02 EVI |+0.000
;@ NDVI |+0.000
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"o

4\%- A\ \\\ ,\O ;\O

(d) PD Difference
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PD Difference ((Categories + SOPs) — Categories)

(c) PD: Categories x Categories + SOPs
[ categories [Jl] Categories + SOPs

PD Value

B 5-6 [RinZ E_EE Sop ﬁA&TH%‘EnU“"E AEMBRNERE. BH: (a-b) EBEENR
IRTEBSEXN SOP ARFHIBRESN; (c-d) REIFEEMNETESHAE SOP FHIBRESN
=1
#O
Fig. 5-6 Comparison of explanatory power differences when combining Vars with SOPs and across

variable categories. Subfigures: (a—b) comparison of explanatory power between single
Vars and their corresponding SOP-enhanced combinations; (¢c—d) comparison of explana-
tory power between variable categories and their respective SOP combinations.

K 5-7 WEIEE TR, Al 2R F SOPs 48 511 PD {H, A2 3£/~ SOPs 5JH1H
& (Vars) &0 PD {H, A3 FRArA MG A PD (H, HXT MW MR 1 8UE
ﬁj\E'IJj:I 0.503,0.688 10.635. 24K, NI SOPs At J5, AR A T BERHET,
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Fig. 5-7 Comparison of overall Power of Determinant (PD) values across different variable combina-
tions for spatial heterogeneity in wheat production. A1l represents the PD values of all SOP
variables, A2 represents the PD values of combined SOP and original variables (Vars), and
A3 represents the PD values of all original variables.
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e M (VIC) « B A:=JH (QLD) FHRFHECARMEMN (SA), XL XA 23 [A] T
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Fig. 5-8 Spatial distribution of total (a) and average (b) barley production in 2023—24. The blue
shaded area indicates the study region.
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xR 53 BEZMAZEFEZ RS ROBETELRR

Tab. 5-3 A summary of explanatory variables that potentially affect spatial disparities of barley pro-

duction.

gl A AL Hdhr= b PR
Category Variable Code  Product Resolution
=y p==|
U it AT ERAS Land 0.1°
Climate Air temperature -

B4 [0 =N

BEOKIE TP ERAS Land 0.1°

Total precipitation -

Vi V=

WHIATUEZ: VPD  ERAS Land 0.1°

Vapor pressure deficit -

ZAHCR

o ETa TERN/AET/CMRSET Landsat V2.2 30 m

Evapotranspiration
Y iy . ELE  DEM-S (Geoscience Australia) 30 m
Topography Elevation
i%}%ﬁ . j:%ﬁﬁ‘)l@? SOC  CSIRO/SLGA 92.77 m
Soil Properties  Soil organic carbon

A

S NTO  CSIRO/SLGA 92.77 m

Total nitrogen

ST

PTO  CSIRO/SLGA 92.77 m
Total phosphorus
pH (CaCl,)
H IRO/SLGA 2.
pH (CaCl,) pHe CSIRO/SLG 92.77 m
bt =N
AR . AWC  CSIRO/SLGA 92.77m
Available water capacity
. o N

ma Ak . NDVI MODI3A2 V6.1 1 km
Vegetation Normalized difference vegetation index

Nz, 4 2

RIS ) NPP  MODI7A3HGF V6.1 500 m

Net primary production

AT, EVI) At AR S i DXF [ 1F £ 58— 4k 28 [ AR it (SOPs) o

SOPs (¥ i+ 87 ikS/NE =1 1) SOPs &7 AHE . (A THE R Z M IXIRE,
010 2 1°, Zgrpiafg oy 0.1°, —3£ 10 PZih X FF P X iR B H — @40 7+
R, MRIEX R A A E HATERAE T & T B A &t
N/ FK) 20 4~ SOPs (SOPs™ {1 SOPs™) . SOPs {|HIEEZE i X JE Il #k K, SOPs* 1 SOPs™
) A0 e A i R v Y A

LLAT R3], afLLES], BEEZMIXAIEA, AT [ SOPs™ fi1 SOPs™ [43 ] 73 AT A
SMAEAWI A o B/ NHIZEMIX (410.1°) F, SOPs* Fl SOPs™ [ 23 [R5 A 3 A 73 HL
MG 2 X IR, B A il eerh, Bon B B =S a2 HE S [H
AT DAE R BRI AT S5 B B0 A7 B =N AR S, B BUR
TINZRFER, LA HEZ RN e B85 X35 IX I AT X K27 A SE N AR AN R 23 R R
AEEER
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Fig. 5-9 Spatial distribution of potential explanatory variables influencing barley production in Aus-
tralia in 2023—24. The figure includes multiple subplots grouped by category: (a)—(d) are
climatic variables, including air temperature (AT), total precipitation (TP), vapor pressure
deficit (VPD), and evapotranspiration (ETa); (e) is a topographic variable—elevation (ELE);
(H)—(j) are soil property variables, including soil organic carbon (SOC), total nitrogen (NTO),
total phosphorus (PTO), pH(CaCl,) (pHc), and available water capacity (AWC); (k)—(I) are
vegetation variables, including NDVI and net primary production (NPP).
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Fig. 5-10 Spatial distribution of second-dimension outlier patterns (SOPs) for the three explanatory
variables with highest determinant power (PD) in barley production spatial heterogeneity.
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Fig. 5-11 Comparison of explanatory power for individual original variables (Vars) and spatial pat-
tern variables (SOPs) in barley production. Subplots: (a) explanatory power of individ-
ual original variables (Vars); (b) explanatory power of individual spatial pattern variables
(SOPs).
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Fig. 5-12 Interaction explanatory power analysis of SOPs combinations. Subplots include: (a) inter-
action explanatory power between different SOP combinations; (c) interaction explanatory
power of pairwise SOP combinations within four variable categories.
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Tab. 5-4 Power of determinant (PD) values for the top 10 SOPs interactions in the spatial heterogene-
ity analysis of barley production

SOPs SOPs qu Sig.
NPP NDVI 0416 9.46x107"°
AT  AWC 0365 8.67x1071°
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PTO AWC 0.343 6.31x1071°
TP NPP 0338 7.16x1071°
SOC NDVI 0.331 889x107!"
PTO NDVI 0.331 9.55x107!"
SOC AWC 0.327 845x107!°
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Tab. 5-5 Power of Determinant (PD) values for the top 30 SOPs—Vars interactions in the spatial het-
erogeneity analysis of barley production

Vars  SOPs qu Sig. Vars  SOPs qu Sig.
AT TP 0345 501x107° VPD NDVI 0238 6.71x 107
AT  NPP 0345 6.15x107° VPD NTO 0236 1.05x1071°
AT NDVI 0.345 204x107° VPD VPD 0231 241x1071°
AT AT 0344 403x107° VPD ETa 0231 241x1071°
AT  ETa 0342 432x107® VPD ELE 0231 241x107"
AT AWC 0342 9.02x107° VPD SOC 0231 241x107'°
AT VPD 0337 1.76x107° VPD PTO 0231 241x1071°
AT  ELE 0337 1.76x107® VPD pHc 0231 241x1071°
AT  SOC 0337 1.76x107° VPD AWC 0231 241x1071°
AT NTO 0337 1.76x107® pHc TP  0.161 5.88x1071°
AT PTO 0337 176x107'° pHc ETa 0.157 4.64x107'°
AT  pHec 0337 1.76x107® pHc NDVI 0.156 4.12x107"
VPD TP 0243 335x107'° pHc AWC 0.155 2.11x1071°
VPD AT 0240 3.66x107'° pHc AT  0.155 3.55x1071°
VPD NPP 0239 226x107'° pHc PTO 0.155 9.88x1071°

(a) (b)
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ELE 0.1 -E
[ ] g B o3
ETa Variables-C4  0.47 0.55 0.43
VPD 0.240.24 0.23 0.23 0.23 0.23 0.24 0.23 0.23 0.23 0.24 0.24
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Fig. 5-13 Interaction explanatory power analysis of SOP—Var combinations. Subplots include: (b) in-
teraction explanatory power of SOP—Var combinations; (d) interaction explanatory power
of SOP—Var combinations grouped by variable categories.
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Fig. 5-14 Comparison of explanatory power differences across variable combinations and categories
for barley production spatial distribution. Subplots: (a—b) comparison of explanatory
power between individual Vars and their corresponding SOP-enhanced combinations; (c—
d) comparison of explanatory power between variable categories and their respective SOP
combinations.
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Fig. 5-15 Comparison of overall Power of Determinant (PD) values across different variable combi-
nations for spatial heterogeneity in barley production. Al represents the PD values of all
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