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Article Info ABSTRACT

Avrticle type: Review Article - . . . . S
P A significant course of action to planning agricultural operations and further maintaining and

developing performance on a regional scale involves the accurate and timely estimation of
crop yield prior to harvesting using crop growth models. Modeling dynamic changes during
crop growth can assist researchers in planning crop management strategies aimed at increasing
Received: Apr. 6, 2023 crop yield. Such models include several parameters that can be calibrated according to the

. characteristics of the study area. However, insufficent information on location/spatial-wise
Revised: June. 17, 2023 components or the lack of thereof in these models along with uncertainties in parameter values
Accepted: June. 26, 2023 may lead to errors in the estimated outputs. In this light, remote sensing data assimilation can
be useful for resolving such complications and evaluating the spatial variability of lands,
particularly at the regional scale. Remote sensing can estimate values of input parameters for
crop growth models such as Leaf Area Index (LAI), fCover, biomass, and soil characteristics.
This review paper seeks to introduce and compare different methods of remote sensing data
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Keyyvqrds: . assimilation in crop growth models and examine their advantages and disadvantages. In
Assimilate of Remote Sensing aqgition, a literature review conducted in this field can guide the readers in slecting the
Datg, . appropriate crop growth model, relevant remote sensing data assimilation method, and
Calibration, pertinent state/control variables. The literature review indicates that with new sensors and
Crop Model, methods in the estimation of remote sensing state/control variables such as LAI and the
Forcm_g, development and improvement of crop growth models, it is possible to improve the accuracy
Updating. of crop yield estimation.
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2. Leaf Area Index

3. Data assimilation

4. State variable
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Li et al., (2015) local ‘c)(;cr)ltt?nrl PSO RMSE accumulation CERES pus
Do(g%leé)a' local Yield SCE-UA RMSE GLAI SAFY v
. Global and linear
Battude et al., . Yield, L Proposed L
(2016) Local/regional biomass l\?lil:trilg?acrt RMSE GAI SAEY &)

1. recalibration
2. readjusted
3. Uncertain
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POUSe LRV s o & Jse
P ovbie XYY =S .J (cost) bua asli ) s Jpame
Od9% (J5) Jyaxo
Jinetal. - . B
(2016a) local Yield, ET PSO RMSE biomass Aquacrop pAS
Jinetal., . . -
(2016b) local WP, Yield LUT RMSE biomass Aquacrop pAS
Bus(eztgol% al, Regional/local Yield simplex method RRMSE LAI WARM =
PSO 4 EnKF fCover 4 LAI
Silvestro et al., s - SAFY,
(2017) Local/regional Yield X RRMSE Ter s Aquacrop pus
5 SAFY (ol 5 SAFY (s
Aquacrop Aquacrop
) Biomass, fCover
‘]'(gg;;;" Field/regional Yield PSO RRMSE e 4Bl b @ Aquacrop pS
ETca, Global and linear :
Batté%i% al., local irrigation heuristic RMSStE |25two GAl, fCover SAFY-FAO &
depth MultiStart 9
Zhang et al average of error of ear length (L)
(2817) N regional Yield GA backscattering and Number RCSM a2
coefficients density (Ni)
Liao et al., . . 5Cyd
(2019) regional Yield SCE-UA RMSE GLAI SAFY Ly
Zhou et al., . . sum of the square .
(2019) regional Yield PSO erors LAI WOFOST Y
Wag(]gg;gg al. local Yield PSO, EnKF RMSE fCover Aquacrop puS
Jinetal., - o3
(2020) local Yield PSO RMSE fCover Aquacrop &y
x5! . ) fCover and @)
regional Yield PSO, WCA RMSE - Aquacro
(Yraa)/2021 9 Biomass q P Shadole
Luetal., . . fCover, soil .
(2021) regional Yield oL RMSE moisture Aquacrop @)
J'{;SZ;‘;" regional Yield SCE-UA, PSO R? LAI, NDVI ChinaAgrosys pus
Ma et a;j' (2022 local Yield SP-UCI RMSE LAI SAFY pus
Weggze;)a"' local Yield Genetic algorithm RMSE LAI CERES-Maize | @)
ol laisd

LNA <ETca <FAPAR ‘WRT «WP «LUT ¢ENKF ¢«OP ¢SSA ¢MLS <LSM ¢«PCDM ¢SCE-UA ¢«PSO¢« GA <SA «leaf nitrogen accumulation ¢
actual Evapotranspiration <fraction of absorbed photosynthetically active radiation «dry weight of rice roots «Water Productivity <Look up
table <Ensemble Kalman Filter <optimization procedure <simplex search algorithm <maximum likelihood solution <least square method ¢
Powell's conjugate direction method «Shuffled Complex Evolution-University of Arizona¢particle swarm optimization <Genetic Algorithm ¢
Simulated annealing <Water Accounting Rice Model (WARM), Agricultural Production Systems sIMulator (APSIM), WOrld FOod STudies
(WOFOST), decision support system for agrotechnology transfer (DSSAT), Simulateur mulTIdisciplinaire pour les Cultures Standard
(STICS), Crop Environment Resource Synthesis (CERES), Soil Water Atmosphere Plant (SWAP), Simple and Universal Crop growth
Simulator (SUCROS), Environmental Policy Integrated Climate (EPIC), Simple Algorithm For Yield (SAFY), Rice Canopy Scattering
Model (RCSM), Water Cycle Algorithm (WCA), University of California, Irvine (SP-UCI), Mean Absolute Deviation (MAD), opeaning loop

(oL),

Eols5 0005 dign 3 sl 05 |yl e 05y calises (gl Jubo g ilises (gl o b ool oislo | liging ol 5 95

oz 51 iledg05 oalisl (23Sl gy 51 a3l &S (g ygkar 0 L2l el 53 (Sl Yl Sliiid Jgasmo 03 Ja 3 593 51 onis
OSed 5 piisly @ ol 53 VMY Jaa (W120) hlSen 5 B 5 (W) (hlSen g (slisee & 5 on lisios oyl
Ol)&er 5 Mokhtari S olS )0 SWAP Juo (Y1) - Ken ¢ Vazifedoust ¢ gladgle <)d olS ;0 SWAP Juo ((VTAY)
@ A g a5 ()3 olS A3y Jolye (siluand jslaie 4 cnl g ogMe 3)S o)Ll g 5 paS (LS 53 SWAP Jue (V+A)
opl ol ori pbul iulejl [ oyo0 clidss Las Aquacrop Jae buwg (oylol caliste sla)les g balyd )3 opé g olyhe;
(1¥a¥) hlSen 5 ol (1¥2F) GhlSan 5 (2ed (1Y) ()Sen § GB9) SBg3 (1Y) (ilie g gyl s (SR 1) Cliios

1. Very Simple Model
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Mirsafi Hassanli et al. (2016) .Tavakoli et al. (2015) Ahmadi et al. (2015) Amiri et al. (2014) .Andarzian et al. (2011)
Sy Nl cand ol Jasxe bld > Jae cpl (oL 4 (i WSlesile plosl 44 Razzaghi et al. (2017) 4 et al. (2016)
i 5> Jae p o sl ol Plo Jguanmo 3,SMas g 0y 1 ol oyl 5 9 0l g ST ()58 (i &S Wlodgas pled] (i ]
Caol o blod AquaCrop Jue was dswad ) yel ol aidl (Andarzian et al., 2011; Hassanli et al., 2016 ) cuwl o a3 )3
ST Jse (6,8 i polie gl Y e pdlie ) ealatel 4y Jde (sl jielyl polie 13905 aalais (sly (glanlas )3 ¢ opl y 0gMe

GxSTeolpl ol 00 W8T 5 LUyl pa Cpidizee cpl lawgy Lo jd wline buls 0 ) Kod Gladss yolie 1WSle b 5 Jde
ool ylS gy s Aquacrop Jae 53 590 il o (gyleSedly aie 40 395 (68 slaalluy ;o (Ve r) (ooluo (gyae 4 (YVAQ)
Sadss 4 ole o AQUACTOP Jde )0 sl wdS 55, 50 Lod o Lol sy 3ud50 4 g 5 (sladsle cyd olS iy
Jinetal. Jinetal. (2016b) Jin et al. (2016a) Kim and Kaluarachchi (2015) -Trombetta et al. (2016) Panday (2014) ,.Lx
Jbo (Solw 5 gpdy Gllasl & axg5 b 0,8 o)Ll Jin et al., (2020) Wagner et al., (2020) Silvestro et al. (2017) (2017)
B9y & Jgaze 185 sl Jde 53 593 5l o (6)lgS el liiod > Cunl ying (gl B9y (39 o) 38 9 AquaCrop

g oalawl yids Jdo cpl 3l eygmml IS

IRl (g, 4 Jpasme ) Jio 55 93 5l (e (5,155 8315 Olidod 11 (59,0

Lk el el el Y Jgi2) 3980 (3Rl Jgames 33) 4o jlizjee (slaosly (sl &) pudine ysbo 41 )93 5l oxi (glaodly
Yooze 903 Mor 0dld o Sian U dilale cailjey diile Jao jlinyse slayloj (sly yed 3l iomus oyl il olen U abl aiily deng
Srgm o5 5 0358 50T el i slo gy 51 e 3550 350 | i 31> 85 (gl Jolgh > Ty b (5,08 8, o8l
Joase by sl Jae ;3 590 5l o (gyleSedly jo 03l gy 50 o plow] Wlddod jl (golasi ¥ Jado )0 S o olal
1S Canl o plol (6l Olaiass ¢ Jamame My sld Jde 13 90 3l iomuw ()leSealy Cliuass 5l yisu cpl 50 cunl 0l o,L]
] C)B s L)"‘ cLLo9>

Jgasmo iy s 4 495 51 Liodw (541950313 3 o 35ule (Wig,y 43 duui plodl lidsd - Jgus

& dan (J5S) s piie Jgpazmo Jao Jparme
(1988) Mass AGB, LAI LAI Maize model S
Bouman(1995) Yield LAl SUCROS A8y (S
Huang et al. (2001) Yield LAl ORYZAI g
Clevers et al. (2002) Yield LAI ROTASK 1.5 auS
Schneider (2003) AGB, LAI LAI PROMET-V LS
Duchemin et al. (2003) ET LAl STICS oS
Abou-Ismail (2004) Yield LAl ORYZAI g
Jongschaap and Schouten (2005) Yield 5 b ROTASK a8
Jongschaap (2006) LAI, AGN LAI, AGN ROTASK e s
Hadria et al. (2006) LAI LAI STICS a8
Thorp et al. (2010) AGB, ET LAI DSSAT v
Morel et al. (2012) Yield LAI MOSICAS REEJRTEN
Tripathy et al. (2013) Yield LAI WOFOST a8
Morel et al. (2014a) Yield FAPAR MOSICAS S
Yao et al. (2015) Yield LAI RS-P-YEC S
Abi Saab et al. (2021) Biomass, yiled fCover AquaCrop a8
Ma et al. (2022 b) Biomass WUE AquaCrop 4y

Ol laisd

AGB, AGN, ET, FAPAR, WUE: aboveground biomass, aboveground nitrogen, crop transpiration, fraction of absorbed photosynthetically
active radiation, water use efficiency.

1. Local
2. gap
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U Jde (293 ol Silodund g (0058 €83 p & Cunl (oo Jole «(Sluyion sbey 5> ool 3,50 593 3l S 03l o
Curnel) cusl Jge (Sloyiop b9y & Jgame Ab) Jdo 53 593 | Hioxiw (5)ls503> (2L p (S055leid i Sl cplply )18 o
Joame Ady (s Jas 3 50l Liomiw (gyleS0ald j3 gy cpl 5l eSb &S Sladss o Jeis (et al., 2011; Liang et al., 2013
Jgaze Ay Jdo 1 59 i Hiomiaw (g)leS0ald Ciliind j3 cul jasuio 35 ¥ Jodo 0 &S jekailen aad o ol 1) Wled S oolatl
3)90 33 ShEed 4 Olgi s (Jpaze A8y Jao g8 QLI 390 55 Lol sl 0 odlatul iy ENKF () 5l e Slu)ion (sb9) &
@y g dpmlre Gloj (Jdo (Solo g g iy Bllanl el slogdgyg 9 Jso b (alidl (o ytiony 03l &y g b el Cawd Jo (55
ol 0dds Gl admd o )0 ol e

Jgase duiy ST )3 y95 51 (o (51550315 ;3 Sy (g 53 i Y Jgu

& Sap Siie 09, (Jy8) el i Jypazze Jso Jpaze
Maas (1988) o Secant LAI Maize model e
Clevers et al. (1994) Yield CRSP LAI SUCROS EVJRVEN
Bach and Mauser (2003) YS'?\I/Id’ 4DVar SM ngggg}”_ I
Dente et al. (2008) Yield 4DVar LAI DSSAT puS
Hadria et al. (2006) LAl SRA LAI STICS pus
De Wit and Van Diepen (2007) Yield EnKF SM WOFOST &) paiS
Bolten et al. (2010) SM EnKF SM Palmer pus
Curnel et al. (2011) LAI EnKF LAI WOFOST pus
Wu et al. (2011) Yield EnKF LAI WOFOST puS
Li et al. (2011) LAI EnKF NDVI DSSAT puS
Nearing et al. (2012) Yield EnKF LAI DSSAT puS
Zhao et al. (2013) Yield EnKF LAI WOFOST &
Wang et al. (2013) Yield EnKF LAI WOFOST <y
Huang et al. (2013) Yield EnSRF LAI, LNA WheatGrow puS
Ines et al. (2013) Yield EnKF LAI, SM DSSAT )
Dong et al. (2013) LAI 4DVar, EnKF LAI DSSAT+PROSAIL pAS
Chakrabarti et al. (2014) Yield EnKF SM DSSAT puS
Jiang et al. (2014) Yield POD4DVar LAI DSSAT puS
Li etal. (2014) Yield EnKF LAI RS e
Liu et al. (2014) Yield EnKF LAI WOFOST puS
Trépos et al., (2020) Yield EnKF LAI SUNFLO b, ol
Tewes et al., (2020) Yield EnKF LAI SIMPLACE pus
Wu et al., (2021) Yield | VW-4DENSRF LAI WOFOST e
Zhang et al. (2021) Yield Bayasian fCover Aquacrop pAS
Peng et al., (2021) Yield EnKF LAI SAFY &y
Beyene et al., (2022) Yield EnKF LAI WOFOST puS
Xu et al., (2022) Yield EnKF LAI WOFOST pus
Cui et al., (2022) Yield EnKF FvC AquaCrop &y
Zhou et al., (2022) Yield EnKF GPP WOFOST pus
Kivi et al., (2022) Yield EnKF S gl APSIM Lgus g €53
Zare et al., (2022) Yield PF LAI PILOTE puS
Lu et al. (2022) Yield Bayasian fCover, soil moisture Aquacrop @)
Coudron et al. (2023) Yield Bayasian fCover Aquacrop Ol
Kivi et al., (2023) Yield EnKF, GEF soil moisture APSIM Lgw 5 iy
Fattori and Marin (2023) Yield EnKF LAI DSSAT, WOFOST ERJRTESS
Orlova and Linker (2023) Yield PF fCover Aquacrop Sy dgS g yd

ol laisl
CRSP, SRA, EnKF, EnSRF, 4DVar, POD4DVar, LNA, SM, SIMPLACE, GPP, VW-4DEnSRF, GEF: controlled random search procedure,
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simple research algorithm, ensemble Kalman filter, ensemble square root filter, four-dimensional variational data assimilation, proper
orthogonal decomposition technique into 4DVar, leaf nitrogen accumulation, soil moisture, Scientific Impact Assessment and Modelling
Platform for Advanced Crop and Ecosystem Management, Gross primary production, variable time window and four-dimensional
extension, generalized ensemble filter.
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A review of Remotely Sensed Data Assimilation into Crop Simulation Models

EXTENDED ABSTRACT

Background and aim

A significant course of action to planning agricultural operations and further maintaining and developing
performance on a regional scale involves the accurate and timely estimation of crop yield prior to harvesting
using crop growth models. Modeling dynamic changes during crop growth can assist researchers in planning
crop management strategies aimed at increasing crop yield. Such models include several parameters that can
be calibrated according to the characteristics of the study area. However, insufficent information on
location/spatial-wise components or the lack of thereof in these models along with uncertainties in parameter
values may lead to errors in the estimated outputs. In this light, remote sensing data assimilation can be useful
for resolving such complications and evaluating the spatial variability of lands, particularly at the regional
scale. Remote sensing can estimate values of input parameters for crop growth models such as Leaf Area Index
(LAI), fCover, biomass, and soil characteristics.

Methodology

This review paper seeks to introduce and compare different methods of remote sensing data assimilation
in crop growth models and examine their advantages and disadvantages. In addition, a literature review
conducted in this field can guide the readers in slecting the appropriate crop growth model, relevant remote
sensing data assimilation method, and pertinent state/control variables.

Findings

As the most promising of approaches, remote sensing methods are used for the assimilation of canopy
state/control variables and soil properties in crop growth models and further enhancement of crop management.
Given the rapid development of remote sensing data with high spatial and temporal resolution, these methods
can be employed to improve the dynamic time-series simulation of crop growth models and further increase
the accuracy of simulating canopy state/control variables and soil properties in crop models. In addition, other
improvements in accuracy of estimated canopy state/control variables and soil properties through UAVs and
the rapid development of versatile, lightweight, and low-cost portable sensors can provide additional remote
sensing data at high spatial and temporal resolution for crop growth models used in field scales. Reviewing the
literature shows that with new sensors and methods in the estimation of remote sensing state/control variables
such as the LAI and the development and advancement of crop growth models, there is a potential to improve
the accuracy of crop yield estimation.

Conclusion

Since well-timed and accurate estimations of crop growth processes as well as crop condition and yield
is essential for making farm management decisions prior to harvesting, this paper proceeded with a discussion
on different remote sensing data assimilation methods for crop growth models and crop yield estimation on a
regional scale. Moreover, the advantages and disadvantages of three remote sensing data assimilation methods
in crop growth models (calibration method, forcing method, and updating method) were mentioned.
Considering the type of data, type of crop growth model, calculation time, phenological shift or non-shift of
data used for simulating the model with remote sensing data, availability of remote sensing data in critical
times of crop growth for a more accurate simulation of the crop growth process, and finally the user's ability
to program and model the simulation of the crop growth process, it is possible to decide on the appropriate
remote sensing data assimilation method required for the corresponding crop growth model.

Keywords: Assimilate of Remote Sensing Data, Calibration, Crop Model, Forcing, Updating.



