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Building an early prediction method of US crop yields based on machine learning
algorithm

Sakamoto, Toshihiro
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This study aimed to establish early crop yield prediction technology for U.
S. crops. Firstly, the versatility of crop phenology detection method was improved to be applicable
to 36 growth stages of 8 crops. Secondly, the early crop yield prediction method was improved by
considering weather and environmental conditions. Then, the prediction accuracy of corn and soybean
yield was improved. Finally, the early crop classification method was modified to enable estimation
of crop coverage ratio within a MODIS pixel. Then, the crop classification accuracy was improved.
Consequently, a new crop yield prediction method was developed in terms of using machine learning
algorithm based on the combined use of high-frequency observation satellite data (MODIS) and
meteorological environmental data.



2020 2050 20

2010
2010-2011
2011
2011 G20 ( )
(GEOGLAM)
100%, :94%, 84%
(MODIS)
MODIS
(Sakamoto et al. 2013)
Boltonetal. (2013) Jhonson (2014)
MODIS
59
2003 23.6%
8
(NLADAS-2)
MODIS
@

(EARTHDATA, https://search.earthdata.nasa.
gov/) MODIS/Terra, Aqua 8 (MODO9A, MOD09Q, MYD
09A, MYD09A) ENVI/IDL

, (WDRVI)

(Land Data Assimilation System,
https://ldas.gsfc.nasa.gov) (NLDAS-2
Forcing, Models) netCDF

NLDAS-2
(USDA/NASS Quick Stats, https://quickstats.nass.usda.
gov/) , s
hape (USDA/NASS http

s://www.nass.usda.gov/Research_and_Science/Cropland/Release/)

@
(Shape Model Fitting Sakamoto et al. 2010)



(refined Shape Model Fitting )

®
A
(WDRVI) B Shape Model Fitting C
D 7 (WDRVI)
2000 2018
5 MODIS
A) ( 10% ) WDRVI
3
B)
Deep Learning( ) Random Forest Regression
19 18 1
19
©)
2008 2018 5 (CDbL)
rSMF random forest regression
Mixture
32
@
MODIS/Terra,
Agqua 8
NLDAS-2
MODIS/Terra, Aqua - 2018 2019 7
HTTPS
(Gaen-View: https://gaenview.rad.naro.go.jp/)
2018 2019 7 2019
« )
2019
12.3%,12.5%
@
2008 CDL
WDRVI Shape Model 2008 NASS-CPR

rSMF



36
2 2009
(NASS-CPR)

2016
SMF

99.8%)

6 (
80.0%)

(RMSE) -
(RVMSE=8.1days) (5.6days)

ryERDY KB £V FE(new) F D FE(new)
el Com L | | (@) soybeans oo | (C)Winter wheat o | (D) Spring wheat |
-;q,//\\\“~ /f\g__” = - /ﬂ\ .
6ol W0 @ @ e % w 3% 78 % e Z i
- KE(new) YN Sihnew)  KH(new) ##1E(new)
o | (B) Barley . (F)Sorghum s (G)Rice

« | (1) Cotton

e

' L) m 2% w1 o e w8

Shape Trumsfomed sodel (4] © MODIS WDRM (o cloud) M Unusest MODIIS datn (clowel)

Phenological stages

{A) Corn; M Phned W Fmerged # Silking #Dough @ Dened M Matre ® Harvested = Pouted & Hoaded

(F) Sorghum: -
(D) Soybeaus: ® Plnal ® Fmerzed # Bloomin 4 Sciiing Pods M Dropping Leaves m Harvestal 1 % Colorng ™ Mature
(C) Winter wheat: (E) Bm]uy'} ® Plagred @ Fmerged

(D) Spring whent: (G)Rice: | # Hended @ Harvested

W Flaied # Squsing # Sciting bolls

) Corton:
(o ]’ # Bols opening W Harvested

Sakamoto, T {2018) 1SPRS Journal of Photogrammetry and Remote Sensing, 138, 176-192 [Zh03

2. rSMF 8 36

(3.9days) (6.7days) -

(RMSE=9.7days) squaring (6.5days) settingbolls (5.8days) bollsopening (6.9 days)

(6.1 days) MCD12Q2

RMSE=7.6 14.1 days RMSE=9.6

®
2000 2018 5
WDRVI
. 10%

[ 1: R?=0.852 Yield=
21_1WDRVI3+8.7WDRVI2+16.2WDRVI+9.1
L 1: R%=0.729 Yield=
24 _7TWDRVI3+29_1WDRVI2+16.4WDRVI+5.2
WDRVI
13
Setting Pods stage 6

Deep Learning
RMSE
0.35t/ha
randam forestreg

0.75t/ha

ression
:0.70t/ha 0.26t/ha
random forest
regression

Deep Learning

forest regression

RMSE,
0.283t/ha,

0.539t/ha,

17.2 days

(2008 2014 )
SMF

Sakamoto 2018 2020
(Google Scholar: 23 , Web of Science:20

SRR 7 — £ (new)

NLDAS-2 dataset /

| Daily mean temperature, precipitation,
T l | shortwave radiation and scil moisture(0-40cm) |

Classifying terget pixels
caverage ratio = 80%

IrriHCP
| /Phenology-adjusted 3/ st county level
time-series data /ﬂ
— Explanatory variable
related to irrigation
Difference from normal

Remate Sensing data

MODIS products /

Ancillary data

Cropland Data
Layers (CDL)

Map projection transformation

Resampling to 4 &3km/pixel MASS Oaick Staks

Clessifying target pirels
coverage ratio = B0%

FSMF method

Phenlogical stages
eorn silking
soybaans sefting pods

Smoothed time- /%
series WORVI /7

Temporal intsgraticn

e dP, dT, aSW
: dSailM at county level
Linear (LM) or Polynomial (PM)
approximation modsl TExplanatory variables

irelatad 1o weather

fERFiL

Crop yield estimates
based only on RS date
at county level

Random Forest Regression Model
RF)

REFE NE
Crop yield estimates
based on RS and Environmental daia
at county level

Sakamoto (2020) ISPRS Journal of Ph

nd Remote Sensing 160, 208-228 {Z71%

3.

14
. N - 5 _
A) FUERIL HHFRM ) BYXE £ U/ AN
12
~
& 10
= 8
z
6
4 (o] R}'(RBXSE‘U,S‘."-M) 1 O RF (RMSE:0.24 i/ha)
~+ PM (RMSE:1.71 tha) ~+ PM (RMSE:0.30 tha)
5

0
2000 2003 2006 2009 2012 2015 2018 2000 2003 2006 2009 2012 2015 2018
Year Year

Sakamoto (2020) ISPRS Joumal of Photogramuetry and Remote Sensing 160, 208-228 [Z71%

random forest regression

(Deep Learning ) random

¢ 3

Kansas , Missouri , Nebraska

Illinoi , lowa
0.897t/ha,

0.206t/ha



random forest regression algorithm

Sakamoto 2020 2020 1
(Google Scholar: 16 , Web of Science:8 )

(4) 2) Mapping potential area planted with comn or soybeans
Thresholding by historical

rSMF " CDL__Z ot cotiony imaraioct HR@AZY =37
7= com and soybeans{ »aa%)
e dlin o R lap of target plrels

d ) Crop classification

Results [C: Type03 (CDL]]

Expianatory variable:
Croplend Data Layers for
2 1he past 10 yaars: 2008-2017 Cot 2oyl s penm
Mask processing
gsSW
b ) Calculating county-level area E R 1ed R 109 TS T,
ratio between comn and soybean e e
m‘FhﬁWEi RF reqression s’ Explanatory variables
> randon forest e Eifotpne v e S SN iy
Area rai ;
reg ress i on 4 stwssn com and soybe:
The previous 2 years (i1, 1:2) = Results (8- Type02 (EM)]
tamuae kg | Explanatery variatle:

11 U LS

¢) Estimating crop emergmce Emergence dats

_;w#&z

MODIS 250m DS | Parameter input ; =
5/ Emergence dete map ?
Refined Shaps Model Fiting Method GREAM G- sopmeat Results [A: Type01 (old methoc)]
Time series-MODIS data for target year I Based on Explanatory variable:
(t) (DOY:65,73 ...} emergence-date order Emergence date

Sakamoro (in press) Photogrammetric engineering & remote sensing (= 1%

Mixture 4 5.
2 CDL
rSWF A deR ied S
Type 04 (hybrid) - ﬁ % ng % ,%a %&g BE a5

TR TOL T ) Tl TO2EM) Tod (bt

'g&m ﬁ’bh‘

( 6,7) 2018

Aread Area §

2019

Overall accuracy D0Y215 o B B
65.3 68.3% DOY279 69.7 o B B
72.0% MODIS

Sabamoto (inpress) Photogranuuelric eugineering & rewote sensing

User’ s accuracy(UA), 6. MODSI
Producer’ s accuracy(PA)  DOY215
UA: 72.2 72.8%, (AﬁP-M!CIiml?vfnlwldmenhad) Enmvmcﬁm?\,pe04(Hybri<u :f){tine;em(cm.)
PA:70.0 76.1%, UA: 69.2 <z ol et S

77.2%, PAz60.5 62.7%

Veur: 2019 DOY:342

(Sakamoto in press)

)
I Conn 0 Soybeans [ Otliers Mixture
Sakamoro (in press) Photogrammetric engineering & remote sensing (=70

7. (A), (B),

Sakamoto, T.et al. 2013. MODIS-based corn grain yield estimation model incorporating
crop phenology information. Remote Sensing of Environment, 131, 215-231.

Bolton, D. K.et al. 2013. Forecasting crop yield using remotely sensed vegetation
indices and crop phenology metrics. Agricultural and Forest Meteorology, 173, 74-84.

Johnson, D. M. 2014. An assessment of pre-and within-season remotely sensed variables
for forecasting corn and soybean yields in the United States. Remote Sensing of
Environment, 141, 116-128.

Sakamoto, T. in press. Early classification method for U.S. corn and soybean by
incorporating MODIS estimated phenological data and historical classification maps in
random forest regression algorithm. Photogrammetric Engineering & Remote Sensing.



Sakamoto Toshihiro 160

Incorporating environmental variables into a MODIS-based crop yield estimation method for 2020

United States corn and soybeans through the use of a random forest regression algorithm

ISPRS Journal of Photogrammetry and Remote Sensing 208 228
DOl

10.1016/j - isprsjprs.2019.12.012

Sakamoto Toshihiro 138

Refined shape model fitting methods for detecting various types of phenological information on 2018

major U.S. crops

ISPRS Journal of Photogrammetry and Remote Sensing 176 192

DOl
10.1016/j - isprsjprs.2018.02.011

2019

Shape Model Fitting

63 29

2017







