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1.1 HRXER

K 5T T AT 55 [ R RO B 12 AN, L
LB BB (ND) « FFiEFBHb M (SD) . #E 5 # JH
(KS)+ WATFH I (NE) . B R 755 M (MN) |
R N CTAD o B BEE I (WD« B 1) 47
(IL) . EREEZghM (IN) . RZMIN (OH) . 75 5
M (MO) BT H M (AR) . EEEKEOEL 54
BRI 15%, 10K BB TR =5 G 32 E ) 75% LA,
A BRI 36% LA EPL, b, 2020 4 SE [ R K
TR WE 1 FR,

e B R RS M IR .

Note: The letters in the figure represent abbreviations for each state.
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Fig.1 Distribution of county-level maize yield in the Corn Belt region of the midwestern United States in 2020
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Table 1 Schedule of maize phenology period from 2011 to 2020

A #Z 1B 7] Starting and ending time

Year Fi#E Planted H 1 Emerged Hih#2 Silking F.#4 Dough Ji#4 Dented f# Mature i3k Harvest
2011 05-01—05-18 05-18—06-22 06-22—07-31 07-31—08-17 08-17—09-07 09-07—10-02 10-02—10-30
2012 04-15—05-06 05-06—06-10 06-10—07-22 07-22—08-08 08-08—08-22 08-22—09-12 09-12—10-14
2013 05-05—05-22 05-22—06-26 06-26—08-04 08-04—08-28 08-28—09-15 09-15—10-09 10-09—11-10
2014 04-27—05-14 05-14—006-18 06-18—07-27 07-27—08-20 08-20—09-10 09-10—10-05 10-05—11-09
2015 04-26—05-13 05-13—06-21 06-21—07-26 07-26—08-19 08-19—09-06 09-06—09-30 09-30—11-01
2016 04-17—05-11 05-11—06-15 06-15—07-24 07-24—08-17 08-17—09-04 09-04—10-02 10-02—10-30
2017 04-23—05-14 05-14—06-21 06-21—07-30 07-30—08-16 08-16—09-10 09-10—10-08 10-08—11-12
2018 04-29—05-16 05-16—06-17 06-17—07-22 07-22—08-15 08-15—09-02 09-02—09-26 09-26—11-11
2019 05-05—05-29 05-29—06-30 06-30—08-04 08-04—08-25 08-25—09-18 09-18—10-16 10-16—11-24
2020 04-26—05-13 05-13—06-21 06-21—07-26 07-26—08-16 08-16—09-06 09-06—09-27 09-27—11-01

1.2.2 IRBLHE
ARWPFCILH T U R DA K 3 3 R K
BRI G SR, BT b 14 NI AR g
Frm A&, PR B B4R HdE 32 2k UE T MODIS
(moderate resolution imaging spectroradiometer) 7= [ -
PRISM ( parameter-elevation regressions on independent
slopes model) Al OpenLandMap %445, HIJmlEd 4
AL ER 51 % (google earth engine, GEE) 3KHL, HAR(E
B 2 e Mbsh, o THEIT e ) es B ECR, HiE
B F KRB I AR, #% 5 At
R ARy B AR B IR
*x2 MERERTFHE

Table 2 Environmental factors data

ML, AT F AR BT 1 eI — AL P,
e B 4 I 0, FREZN 1 IES AT, B
LSRR i BT ()RR 5 e RORS FEY . R AE T AN R A
HIASREAN KRG 2I 3L 8 4B, A4 Bdn Pl 7 995
MR
1.3.2 FRAEA
A B FTAE B0 R T A R 4 2 e 2k 1k TRl

(multiple linear regression, MLR) . 3£ #f [1] & [\ I

(SVR) . #EEHE T M (gradient boosting tree, GBT) .
BEHLARME (RE) AHELIALFEHLARAR (GWRFR) . 5 fif
R, GWRFR ARy, oAt 4 Fipds oy 4 R iy
Hrh MLR H2 2 2B RS R R Z E 1)
SRR, WA TIRIEIAEES B AR BRI ) R
P, SVR & — Fif i B 2 )RR, Sl I A% 5 i A 2 R 2 1k

Pt BT AL TR/ SR/ Hdi ks
Type Environmental factor Unit d m Data source 3‘% /% s ){% ;lﬁ jﬁ Hg% Ej— @J _,%‘ g@ Z= I‘ETJ u 7/{ bi) E E ;J—'f B{J ;F;T-; :—Et [22] .
PR REKE mm 4000 PRISM

GBT & FifLas 2 I 5ok, RERFEAN M, &

SRR T 4000 PRISM

Rtk C 4000 PRISM TE I I 45 2 22 99 2 1 58 SR 0 — N B K [ 24 A
-~ RAGAR C 4000 PRISM 23]
N S A C 4000 PRISM °

Climate

B /NRAKIR R 2 hPa
B KRR IR B 2 hPa
ST YA Wm?
AR kgm”

4000 PRISM

4000 PRISM
1000 Daymet
500 MODI16A2

00 = = e e e e

RF B8 — Pk FAG R BRSO AE  S FERY,
NG EE AP B MBI . RN
B, RF @l F ] bootstrap H KA $5 AR MR 4R I 2 AE A

. H—1b 2 T hE b i A 16 1000 MODI3A2 : : NEGE 4= 3
y ﬁjﬁ; i e 1000 MODL3A2 %EP F%ETIL{EHEX\TIT E’?%&?E¥ﬂ<, ?ﬁ)ﬁ*ﬁﬁ?ﬁiﬂﬁ&ﬁ’l THEE
CECRNON Mk ) kgm? 8 500 MODITA2H B2 S RS I R BE L AR AR T E SRR B, BEAL AR
-+ LI B gkg! o250 MR BT A e SRS () TIOI 2 R 3k AT P 35 B 2 B Tk
Soil E IR (pH) - . 250 P P

VE: TR AT SR 43 AR I (R (0] 3 B o L sgeg AL DA B - ST R ol 4y
ML R VRSE 30 cm.

Note: TR and SR represent temporal and spatial resolution, respectively. Soil
organic carbon and soil pH were selected at a subsurface depth of 30 cm.
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HARRE SR AR (R 1D, XA [F
(1) 3 % 2 1) JE s A0 50 00408 1 % AN 0k 30 7 SR - S5 1
B IMES RIATHRY, KT HHIRN AR R, BEE
A8 o KA AL 1 20 AN PR 5 R AT HE R 23 X S i
BB S Bihb— AR A K B IES R . %R
FEII7E GEE E5eit. f5 o tRAE S it (5 B Ad # AR vk
X84 (federal information processing standard, FIPS) ¢
Gt i) B IR EOK 8 A AL E DL IR B 1 ORI
K, FEXAFAE S AE B 5% B BT B . i T MR

A 22 45 R, GWRER /& —Fi3E T RF JF R I8 K2
051, BT SuE AR AR 54 S0 RF AR
[ ¥172%, GWRFR A2 — A2 /sy, 1 84
FEAS s ARG 2 — AN S B A, AR 4 = B A R A R AH
ARFEA s IS 2, LS iR S (R R 1 R A
(61, J5 5 4 PR A 5] )9 ( geographically weighted
regression, GWR) 2Kk, 7 #iid RF 5 GWRFR iX P
FROTERIX A, A FER F 81U 7 F% 1) o 7 B % 2

Y=ax;,+e,i=1:n (D

P YRS iIRORM I H AR, xR DA, ax
FEHET RF XF o BARLRMETINE, e NIRRT, HiE
2T R H R T SRR Y, IR B R AN
I3 AT {HZFE GWRFR 1, AHFFEK (1D §EN

Yi=a(u,v)x;+e,i=1:n (2)
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A a(u,v) x AL B i 38 I 2 (AR X X 88 1E 1 R 5
RF FRIAE, (uv) A AR . B SURTERFANFEA S 1AL
B HERE L AR, I R B A 4 SR,
Horp, FRAIEAT X ARVE AR (ARTE M),
AR AR O e ARGEE RS CHEN R
“REE” PR, RTE R n AN BRI RIREAS 5 E L,
M J5 2 A3 R B 1 T s (90,

TEARE A, BT REA S o A B AN —, il
FE&EN A TIE S, tAh, 748 ] GWRFR #E47 1
DBy DL B A R A S R B A A I b, N TR
E SR R A A R P R AT & R AY, AR U SR R A
B LA B BN 100%.

1.3.3  #ALt

AW I B AR T GWRFR Jm #4628 A0 8 1 HoAth A% 4
A SRR AR A Ae i W E S m e TS . ik, AT
T LB KA EK T (RIAFEE WD (F
R, SR PTG R BRI 5 AR
FPEERL, XLk GWRFR BAY 5 H 4 4 F 4 Ja iR 45 77
TR Lk R o Ittt Ll 2 A A AN ) A58 75 A Ak B A
[vi) B4 S N F T M R P, AT BB 5 GWRER A5
TR A = B T AT A 2k

SRR b 27 NV S Sk = b RS Y = S N R IR DA =
FK R, RFFOBERG RN L, F£4HER
BLAL R NG 25 B AR bR X — AR B, FET AT R .
BiJE, BMIMAGAETENERBERERLE RS
GWRFR H5 78 [ k5 2 147 %6 b, 30 BOUKS J3F % v (R A 2R 4
AR

fa, ERRRMBEAE, N7 SeBl Rk &R
TR, SR E A A TR B 1), AT 72 DAAS [R] 9 4% 33 g ke
GRS R TR /E T R O, BB T AN R 3 v 2
BiK 1o B[R ST ST AR R, AHE SR T
PRI SRS 25— Fh M 2 00 ) A i, RY
¥ 2w B AT 0 I A B AR R R A RN
BEAY, BlantE @ T 22 SRR, SRR, T
HRTHh 22 B3 3 AN W46 1 BT A A o ) A AR B kAT
FRE AR, 1% IR IS T DU A AN A K A A TR 6
LA, (5T 5 R 0 B R (R R 2 52 3
Je BAR TR &5 L, Mot nT B8 2 o R SRR e M A IR R
SERCM s B PSR IS R B A R A, RIFE L
A5 S R A I, ANCAE I A 1 S 1 AR R AT
P iE L T R — AR AR &, 2 H A A i
W B o 3K o S R TR B 0 A o i B 0 7
(IFEm, {H AT 82 2006 AN [ 90 i 399 18] (19 A8 B A A B
RN o PR 20 M EE, i 2 AR 3 A A [ 4 i ) e 2
(DR T A A4 1 288 3 H A A FA B )

TEHATBAY 2 (R LU, RSB 70 10 a WHIFTH
BARBENALAC R, FERR 7. 3 O ELBI R il 2 8 A0
. MAVIZGEMEER, JFERAMEERERS S
3728 AR 7 2 T AR R AU S HEY, BUE
AR N B TR AR, BEATASEEIAE . UhAk, AHF

FUIE R B A FE IR AIE 1R 7 V23— 2D I UE A B ] Sk,
RN 10 a Hd s e B 9 a B H0H A5 D9 I S i ST A,
FITH 1 a BHRAE RN UE B AR, Wtk EE 10
WHEBNS B E— F I UERS FE . AHEFUR H 35 7 iR 2
(root mean squared error, RMSE) L & k& & %
(coefficient of determination, R>) %535 bx A DA% B A ()
W52 LAz A g 1y P

2 HBRESH

2.1 2R5EIMREEEXTEL

PLBEAN A KA NI A 3, BN & 44 B 1 BT
AA R N, DU E 4 R AR 5 R AR R A B N A
EHFERRREE (F3). 457K, I e &
M (GWRFR) WG R T34l 4 Ma /i, H, £
JCZEPERT (MLR) BT (¥R B AH 53 1 A A 7Y B (2
Ko XA H Tz R AL BIAN B I 2R 1 2k R I b i
A3 B DI AEY = = 5B R 7 2 (B FE 26 1
KFo HFAIEEJT SVR FEANHE /N 5 i 25 BB U I %
LR, AETE A B AR KRR 1) H i B — FEAS 2 T
(778, BT DASCR TR B BN AR T B 3R AW GBT. Bl
HLARAK RF AT GWRFR #574 , #H%: T GBT, RF REH i
MR EASAE,  HL T4 A B i BUR AR, XA
SIS 22 AR AR RIS e B S AR B A . GWRFR
7E RF f2E6E E5I N T HUEAE 2, 348 THUMO . X~
a0 N ESP e ] T o N =0 SO i B uyo R N B 82 K A
B A ST R, GWRFR 87 T R 1) 2 6] A1 2 A
A, AT DLIE B X R B R PR R 2 1 o IR ol 2 ] 4
FEAS BRI/ GWRFR 7E 1 % 18 At 4 Je 57 11
K,

®3 TRIEREEREE
Table 3  Accuracy of different models

e MG 2 R RMSE/
Model Add coordinate (kg-hm?)

e lE = 0.62  1510.63
Multiple linear regression (MLR) /3 0.64 1435.20
SCREIA] A i 0.81  1053.11
Support vector regression (SVM) = 0.84 930.67
T EE ST M & 0.82 103991

Gradient boosting tree (GBT) 2 0.85 911.59
BEHLARA 7£? 0.83 994.75

Random forest (RF) I3 0.85 890.88

PR INALBEHL AR Geographically
weighted RF regression (GWRFR)

FE: R ONUE REG RMSE NTIREZE, T,
Note: R? is coefficient of determination, and RMSE is root mean squared error,
same below.

N T R B R GWRFER 5 4 & AR A 7
O A A PTEE M, ASHF FUEF GWRFR 5 4 R
A RF BHTZERFS L IRAE, 45 Rn%k 4 fios. 7610 4
W, BR 2012 45 2014 4E4h, GWRFER B2 [R5 34 =
TREBA, FEREERIFE S KT REAEAY
GWRFR 2 8] [R5 FE 22, & B GWRFR #7 H A5 HH 58
[z AL he

0.87 864.21
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R4 BRI S HIR A BB AR I IERS
Table 4 Annual validation accuracy of RF and GWRFR

o BB, RMSE/ || R, RMSE/
Year  Model (kghm®) || Year  Model (kg'hm™?)
2011 RF 0.57  1404.57 2016 RF 0.56  1247.04
GWRFR 0.61 1327.37 GWRFR 0.61 1173.61

2012 RF 0.18 242442 2017 RF 0.51 1482.39
GWRFR 0.08 255998 GWRFR 0.60 1336.16

2013 RF 0.57  1299.13 2018 RF 0.58  1445.99
GWRFR 0.69 111587 GWRFR 0.63 1356.87

2014 RF 0.58 1224.45 2019 RF 0.25 1540.13
GWRFR 0.53 1285.95 GWRFR 0.55 1197.46

RF 040 143595 RF 0.62 1216.92

2015 GWRFR 044 139641 2020 GWRFR 0.66 1151.02

N T RN K BN A 2 A B 2 )
MIRR, AU ELEEABFRME BRI AR,
DA Bl 5 b B A5 R P 4 SR AR 5 ) A R f s T
(K 3). GEREY, BRBERLEMNG LB AIRIX—
RE, BUAKEREIRAS T RS, Hob RF MRS EET 24
AR F I (R*=0.85, RMSE=890.88 kg/hm?), {H{J}
fi-F GWRFR {5 F (R*=0.87, RMSE=864.21 kg/hm?) .

=
2
i 5,
i g
=3
=3

3
(=9

PR R 2
Model residual

B
Error rate

a. FEHLARAR(E R A L4 E)
a. RF(excludes latitude and longitude
as independent variables)

e BRI SE T IR S, RER G TR ZRR DL S '

b. BEHLARAR(A B AT EAE)
b. RF(includes latitude and longitude
as independent variables)

Bk, o ARV E IR, AR A B SR
RERTH = BWIREEE . IFH, R g T o) L A
[ 3ty P2 D3 2 1) e o 1, PR Wb i BE A R Al S VR
B REA T A 7 A 2 T AR AR 2, WD B A e 000 7 £
K2 BL 2020 0901, JEoR T3 BT SR TN SR DA
RE M A BT AT A4 R, GWRFR il
W= m oA g g, — S Esg, Xah T
T RE s AT sl SR 2 (S B . 2 M B 22
BB, 3 PO RAEWE S X PUALES . R A I TR
KBTI R 22 o I 5 DX G A6 AR e 0 4t DX A1 ™ R (X3
X R B AR, RN I FIET
DR e REC 3t A2 vl R P R A R i G B 5080 o A
R, XML& SR o X et i A AL
TRAZ A3 5 R . SR GWRFR BEAL A i 56 42 T
PLas 22 ST HEZR I BR M), (EAR R 1% S A BEHL AR Y,
Ze3d R JA B GWRFR 2 R XA i Adi A — & 1Y
RGN

T
Prediction yield/
(kg'hm™)
15 700

3200

TR, 72
Model residual/
(kg-hm™)

l3200

I 0
-3 200

Error rate/%

l -30

0 400 800 km
_——

c. HEIALBEHLARAR.
c. GWRFR

Note: The model residual is equal to the predicted value minus the true value. The error rate is equal to the model residual divided by the real yield.

B2 2020 5= FTRMABAR £ 69 2 @ 5 A
Fig.2 Spatial distribution of yield prediction and error in 2020

2.2 EXRFEREHUNEE S

TEHE T J5 B8 GWRFR It T HoAth 42 /B8 )5
AT FEAE P AR, 73 Tl R0 FE 420 Mk 1) 2R A A S A A o
gk U A A N A [ ) A S B T K™ ) o T
ey (& 5). MM ERER S, HEHZEHED
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Fig.3 Spatial distribution of yield prediction and error for optimal phenological period and growing season in 2020
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Early prediction of maize yield by integrating GWRFR and crop
phenological information

PEI Jie"?, TAN Shaofeng', GUO Han', LIU Yibo', FANG Huajun***

(1. School of Geospatial Engineering and Science, Sun Yat-sen University, Zhuhai 519082, China; 2. Key Laboratory of Natural Resources
Monitoring in Tropical and Subtropical Area of South China, Ministry of Natural Resources, Zhuhai 519082, China; 3. Key Laboratory of
Ecosystem Network Observation and Modeling, Institute of Geographical Sciences and Natural Resources Research, Chinese Academy of
Sciences, Beijing 100101, China; 4. The Zhongke-Ji’an Institute for Eco-Environmental Sciences, Ji’an 343000, China)

Abstract: The precise estimation of crop yields is essential for global food security, particularly in the face of challenges like
climate change, population growth, and food distribution inequalities. Despite the widespread use of machine learning
techniques combined with remote sensing data for large-scale yield prediction, the integration of crop spatial position
information and local models remains underexplored. This is particularly significant given the spatial nature of crop yield
prediction, where spatial factors are highly influential. Previous studies, predominantly conducted on an annual or full-growth
season basis, have not provided precise predictions for each phenological stage of maize growth. Consequently, these studies
fall short in pinpointing the most effective prediction time for maize yield and understanding the impact of environmental
factors at each stage. This research delves into two key questions: 1) Does the inclusion of spatial location information in the
geographic weighted random forest (GWRFR) model improve yield prediction accuracy over the traditional random forest
model? 2) Among different phenological stages of maize, which stage provides the optimal window for yield prediction? To
address these issues, this study employed multi-source remote sensing data in conjunction with machine learning algorithms,
and predicted maize yield at the county level in the United States. This study investigated the relationship between yield
prediction and the spatial location of sample points, assessing the relevance of including latitude and longitude as independent
variables. Further, the study introduced the local GWRFR model for maize yield prediction and compared its modeling
performance with the global random forest (RF) model. In addition, the study examined two methodological approaches for
determining the best prediction time. The first approach, referred to as the accumulated environmental variables (AEV)
approach, integrated data from various phenological periods. The second approach, known as the current stage variables (CSV)
approach, used data exclusively from the specific growth stage under analysis. The seven key growth stages of maize included
planted, emerged, silking, dough, dent, mature and harvest, providing a comprehensive view of the crop's lifecycle. Through a
comprehensive evaluation of the results from both schemes, this study identified the optimal prediction time for maize yield.
The findings indicate that incorporating latitude and longitude into the model enhanced yield prediction accuracy. Without
these spatial factors, the RF model achieved an coefficient of determination (R?) of 0.83 and root mean squared error (RMSE)
of 994.75 kg/hm’, while including them improved these metrics to an R* of 0.85 and RMSE of 890.88 kg/hm”. This provides
preliminary evidence that including spatial factors can enhance maize yield prediction accuracy. Moreover, the local GWRFR
model further improved prediction accuracy (R*=0.87, RMSE=864.21 kg/hm?), outperforming the traditional RF model and
effectively addressing the non-stationarity of spatial data. In terms of optimal prediction time, the scheme where the
environmental variables accumulate over phenological stages showed increasing accuracy from the first stage (planted) up to
the fourth stage (dough), peaking at R*=0.90 and RMSE of 748.39 kg/hm?, and then stabilized. In contrast, the scheme utilizing
only current stage variables improved accuracy from the first stage up to the third stage (silking), reaching its peak (R*=0.88,
RMSE=827.85 kg/hm?) before decreasing. This suggests the best prediction time was around dough stage, approximately 2-3
months before harvest. Additionally, the strong correlation observed between early prediction results and those covering the
entire growth season underscores the reliability of maize yield predictions made during the dough stages. In conclusion, this
study introduces a novel method for large-scale crop yield prediction, integrating spatial data and phenological stages with
advanced modeling techniques. The findings significantly contribute to enhancing food security and stabilizing the global food
supply chain. This research not only provides critical insights for agricultural practices but also sets a foundation for future
studies in crop yield prediction, potentially extending to other crops and regions, and incorporating a broader range of
environmental factors.

Keywords: yield; prediction; remote sensing; machine learning; crop phenology
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