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MR R 2, TokA Stk A7 M 6 =X 1 A=
7R R PR RO 255 1T Al o X X AR 28 B
PUIG RSN T R iR o 4Rk, BFoTH
= | (Deininger 45 2020) . ATFH R (Fenz
&: 0 2023; Pott £, 2023; Quinton Fll Landrieu,
2021) TEASARBEPUN i A 5 EEE ). IRBE
BT &L KAFAREIRMESE, N AT
VEVIRIRE TG 2 o IRBEIE BT . AB0A8 L RR S I 1) 2 B
SR S A IR AL AL o RS Sy TR
ZAERBRAE Dy Al BRI CBERP L R
BE) A NI R RS B LA B 22 AR B R 43
S5, RBURBRE . BURE R . Y
WA A 08 22 S 0 A A RBIF A T MG 00 v K 45
FAEM . Hd sz HoAb R P28 g . ARG
AN REZFHZ KB AR, B2, HET=
PRBRF A RO 7 i (Estel %, 2015), [H]
TE. B, IR T 32 M R R IE A 2% L S 3 %
Bt 23 1) 3 AR BR A, R TT R A G i R )
ff5¢ (Mahlayeye 2%, 2024; Ibrahim%F, 2021).

WIS CAEPLIE . JCHLAE) . #EBE (R . mg
TELOIBRE) . MRELSS . REATRL 6 A I W) A HE T X
A8 R AR BOR 22 57 0 EIRAE M S = AR ™
HHEEHARZ —, RS, B, WES2
FIE . AAER 7K 53 ) T RCRE R K B8 55 2055 £
FEZZ I, AR A8 DU RS VS BRI R S OO B A
PSR R S T . 1R R R B4R L

SRR

SRR A A OCAR B o (HOC T REME A H Ay 1R
5l RSN Z, i 5 EE A A
WA HH A DX 53, JF A SR A7V R AT 0 R TR 3t 1) A7
BRI VTR A P B B ) R R R TR M
A W DS | R BL AR AR S S A ) = HL LA B I
1) X %2 52 W 43 M1 4 R %8 (Dheeravath 45, 2010;
Gumma %, 2011; Thenkabail 2, 2009; Velpuri
&, 2009), P HHEMEAR H 5 EVE I A FH At 4 Hb
FIFHZE AL 2Z ] (8 S5 ) 1y 2 57

MBS 55 . RS AT A a0 R LAY ORI B
Jra. Hb R T A H Y s R I LA R
GG ITTRE I (Hasituya 55, 2017a, 2017b;
Luff, 2014) . X RJE I (Hasituya %, 2021;
Lu%, 2018) LA IRJE 7 )RR %% (AL 45,
2022; TR AE, 2021) . {HHLIEAE 354 HE RGN
AN B3R T, 1 AR RO S B 7 it

IR A 20 R AR A 7 T ) E R
— o A T AR T X R Ml A 5 7 R R R
Tt 2R A5 THT R G 1 o 4 R B Y S R
HAEr, @B AR ESEY Z RS (RS
w, A ARERSE) MIEN, 2WESFER
Sy Z O H R 3 R b O sl AL
HomGIE AR, TR 18 AR 1 ok R o R FEAE
(Misbah 4, 2021).

Bl 5 AR S 0 R e TR ORI H 450 i, BRI
FE R iR AR RO A S R G s A AR Y
ST W B, DASCERL A R A
Wl AR, T2 mmER, WARRE R
A B AR AN AT R AT VR bR A R b A B ) Ak
Tl . Kok E o B E T, TCLAL B 45 |
UAV SRR, SEOURERE . Al . W FBHIR . 4%
RS MG A T S L . B Refk . B EAE
DU, DA 5 K BR B 1 44t 1 Rl A 77 3850 2 DL K ik 2D
elb A= 75 I
25 EYIFEHNSERZEA

TERA A DU AR 4 77 o 2 O B ] AR A X
O IRTT, B BCRASCh HF TT 37 2 UL i 45 4
HEa AR AR TS, 1 HBREE AR AE AR A R L
MZ5H MR, I N EFR S EOR . Rk
DI B TR A R SR SR AR 2 S L MR R L
TS . RIS KRS FIFR 53 1 AT R
PR IR E A RGRS . AT ORIEfEHD
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AR AES A KRS (Karthikeyan 25, 2020) 2517
LA ER . MW R S U 3 SR W] 23 S 4
TR | Y AR AR L g o S B A

BE T8 SR VW 7 e PN e LA 0 T 1
SESEHL T RS AR R R (P NDVIIE(E | 9
EFFAE) Z B2 5 ¢ RAEAY (Becker—Reshef 5%,
2010; Sakamoto %5, 2014). it BIHBIRIZES
IEVED - BRI R (% L ERED)
FECHE B P BRIBCvE S i PR A, R &
A R SR, T R IE— A — R
HAEM SR A, GeitlEE A H R4 67%—
80% 1Y = {5 B (Schauberger 5, 2020; Basso #ll
Liu, 2019). TLRIERAEM RALL MRS A Kol 72
FURZ . JEHOE2: 5 SAR 45 2SR B4 F
FHBERS SE VAR AW A KO R AR B, AT B 4
BOMAEY =5 (Yu%, 2023) [F]BEREAIK VI
) 30 5 B — R i B 1R 22 A E A
REME A5 B T2 WL PO 45 2R . RSB HE . O
MOV, TR IR S ) O S AR B Il 48 AR
(W SIF{E) AR, 1Yy ™ S50 5 i i
i (Alebele 2%, 2021; CaiZF, 2019; Ouaadi 2%,
2020) . (HAEA[RI 28 b AL AR R S o5 2
Brilgh, HAFTEH A 24728 it Z (8] ) Hh 2 o ) it
(Schauberger %, 2020)

BEHMLARMK (RE) . AL (SVM) . AT ML
RZg (ANN) . BEAZ ML (CNN) . KB HIZ
12 (LSTM) FITREERHZE /45 (DNN) SEHLg7
AR Ge it mUH B AR A 9, B IR 4 v S A
G AL, AR ™ B0 b R T2
(Choudharyg‘f:, 2022; Dangf;‘{‘rf, 2021; Schwalbert
4. 20205 Zhang %5, 2021) . kLT LR BRE
(R8s . T m vk mEEEE) #1717 E /N
FPERTUN (L%, 2022; Zhou %, 2022) LK
FE T PP 28 ) 248 R L 4 T A R ) B 3/
Wil (Wang 55, 2020; Zhu%§, 2022), #%
H ) R*7E 0.15—0.78 (Elavarasan ¢, 2018; van
Klompenburg 5%, 2020) . X 1 5 T W5 B B9 AL % %
> 7 W AR T P AR AR o SR, SEY
RIUREARAGAE L, MEH ) AR A B A SR
ME L AT . MDA A, AR
B 77 e 7 O R AR ) (4 10 2 R RL 7 i
LR BERI S i W RR AR R ), T
H D TR FEE R AR (RTERCRRAE) o

Z, MZEZMMXAGRZ ATTH . G—1 ., bp
WAL A V4 7 o e A BB R A AT . )7 Bk
AR B 1 il S 7 ) 2 B T R R O BILER o > O vk
TEA R I 25 RUBE g s v o PR, RORUEEAE
Py TN AT O T i E R B . 1B A o Ok
Je A IR BOREA B R, il B 2R AT H bR A4 7
U A 5, O A% T O ] A
TiERe, SIS HAE Y =B (Khaki %, 2021;
Ma %5, 2021),

VEW AR JE i i B IR A A 7 X0 (R R
SR Ay WM SR R B O kS) ey E
SR, A5 LT, ERiiREY A
KALE OtaEH . ZBIEN) DEY 5
WA BAE R T2 o ARl H AR 5 34 PSR S
% 4% DSSAT (Decision Support System for Agro—
technology Transfer) FIAM Az 7= R G AL #5 APSIM
(Agricultural Production Systems Simulator) , AL/ F1
WA A RGP R AR . EOK SR
TE P A B B A O R Y 25 TR T K Bl A
(Yakoub &£, 2017; Gaydon 2 2017) . MBS
PR A VR R 2 S8 0L N I e s, 7R —
TR JE b R AR A 0 A A A TR S 0 4 ) A A
P SRR AR R IE . o, I ARAE £ LAL
(Leaf Area Index) . 3E/K 732 H HIAY S e A4 A=
FARBE R R AR 1. SRTT, A A RS L2 X A
Py A SR TR AR AEL B i A\ S B A E 1
S ARSI T A9 B 7 1, DRI A AN ] i 28 R
JE BT 2 RS T H, YA B R Y A O
PE 2 e A KBRS B2, S 2™ i TUI A
JEE TR [ A= K B BRI ML X FE 7R 8K 2% 5 (Huang
4%, 2019; Kang fll Ozdogan, 2019),

S, AEY R A TR T s R M SR A

Glge . B BIPR. HARY ™ B A K
AR IBOME | i AN J At R A A A TR 110 S St
b P B RN AU RERS BT # 31 S, i L
Z ARG 5N A RS I

BRI Z A1, i = R A AR 1 28 B R A 2 R
] 7 A ME T ) — S SRR R . A A
H R EK, Z/hE . KBELBILER, H
MBAEP SR i R AR B SCTE . SR, T B Bt
(HHEPIRIRSE) OB FEARXS S o AR i o i
XTGP AR H T R R A L



e ST T I RN AR AP AR B A B e Ul S S S b e 5 e 22 1909

AR A, AR ORI . AN, AE
Yy SRR VI G, WERAEY) S AR AR
OBk, B, BJESE) REEHETOR, SPaR
o DI, A o 0 T A T A AT A

T
3 Al B i I A R

31 RIERLZERRE
Al 12 R K R D AR T DA 45 S AR LA

KJ/I\&L:

(1) EEM B, BEE A DR E R AN
B, TR ) R AR AT AR T A
FEAREE ML A B MR I R TR BE, T
M4 S R T AN A W S

(2) REWB. BE# Landsat 251 TR (448
R, MEET ARk R E LG, Rl E
SR T R T R E ) R B S L TR TR
AW | AR O R R W A L wI A
TE LA A AR 4 AR i

(3) e N HBL, HEEZ VR LA (Sentinel-
2. Landsat 8/9) WiEAT, ALY (Y3 BUMR 5L
BT A B H R AR T, A R PR T
WK S, ST A R A R LR B
Pt Ak R AR ) P A R, il R e R 1 Ak
oM ARG T 2. FEBLB B, i i iR R
HHWIEL RS (GIS) . 2RENM ARG (GPS) LU
BB (1oT) HARFRERE, #HhT “2—X
— b — RS AL KR . ) R TR
e = o I 17 5 5 2 S o [ R
BRAYHIFSE .

(4) BEefbprB . EHk, motiEEE, X
MHFEG . =3 BEm . REdE S5 A T8 68
IR R R R A R, HEsh A i B A
BEefe . WELE, G RR AR AR Bk
TEAYPER (5—10 nm)  FIBCE A 7 22 0% B 5
REfE BB b S8 (PR o & . Koy haa
FEE) RS R, AR 3 AR A 2 A ST A T
ik, TAMIEBFB) 2% K, ERHEHERHES
(1] 53 B N4 T B SR ERE 77, Bbh T T 3 Jak
FE /N ROBE A H W A oA 3l ARk A 7=
gL HL, KB . PLas>) o R HAR W
K, WEERT T BT R ER PR R

AR, N TR REMBLAS 7~ BRI P &
JE S A Ml SRR AT A TR AR Bl g o LR
o) R AR B —ACATEOR, IEAETE
Ay 1 B A B ARl B IR R B
TR AU 5 22 U5 5 A B 4 P [
BE L A BT IO R RO AL . B REfL S
B B A 8 AR A

32 ERFESFARTMHEER

A 20 4l 60 4EAR LK, ARolk i@ BIAs 17K 2
()R i o 18 B AR TERAE W FoiE 23R 1 4% 4> 31
WS R ARG AR . Al i BT Yy ikl 22 I
TG0 B 22T ML I R 2% 2] 5|
N TR BEM R I BL o BIFSE R DLF AR AR 2 )
FVECE 7= b Wl i 2R I . 2 ol R RO B
FE T TS T R A E R . D M B 4 R
S Y8 JR 4y 2 1 7 S R B b B 7 A
IR RE (2ERRE ., BRRE, KER
). AR HEHR (1km, 500m, 30m. 10m) .
AR (B2, —4F. &) LIACK
FEAITE (HLesEd . BFFEHr) OFH 0 #
PR AR . SR, AEAEY AR 5 R A 7
Wiz, EEEMERCOHE TESLILTHEM
YRR 23 R EHE 7 . WSE A 1997 4F LUK B
TR ATERANEY) 5325 CDL (Cropland Data Layer) .
M4 BRAAE W o0 A B8 AH X/, 4n MIRCA2000
(Portmann 28, 2010) . SPAM (YouZ%#, 2014) #i
CropWatch (Wu %%, 2015) S5 JUFp EZREY K
RUBCHE o 5 RS AR ) 28 RUBCHE AR N 22— 2
Bilan, o HERAEY A EHE A 3L T Sentinel-1 1
Sentinel-2 T2 ZLHE T 14 10 m 4 BER ) B AEY)
M E (d’ Andrimont 25, 2021) Hi v [ /K g &l
(Zhang 55, 2018). AN, A7 —2LF]F MODIS,
Landsat F1 Sentinel 55 T9 52 B8 W 6 7Y 4= A X 5
FROE I b &5 oy B fE ) 2 B R LA 45 5
] Al &8 1 55 [ A H 4 2= (CDL)  (Boryan 4§,
2011) AR R Ml B S 0 AR BEAE
YIiE B (Fisette %, 2013) il Sen2—Agri KX A1
PRy L X I VED HL K] (Inglada 55, 2015) LA K
1 [E (Dong %%, 2016; Shao %5, 2001; Liu %%,
2018) . ELPH (Cohn 4§, 2016; Zhong 55, 2016) .
ENEE (Heller %, 2012) FIEQEEJEPY . (Nuarsa
8, 2012) FERFREDIE LGS
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W H AT, B 5 A RS R A
WAl | AR R L A B = R R O A A
Feah, AR — R Mg

4 AFAE ) LS i R A

4.1 TFELJ

H 20 tit42 80 AF AT LR 38 I AT 12 i H A
AP 4K (Defourny %5, 2019) . Zead JLHAE A JE,
Al 18 SIS T A R, S B A Bl
)R BE TR TR SRR B B . AR, Y ETIAEE A T
DR [R) R R A U

ERARTE I Bz eae I BA —EN
JRIBR, A TR 2 S AR BT S g TR AR I
E SR 1 FH 80 32 ) TR AR B8 0 1) Jo o AR o
DS BPE o IR, AR AN ] s TR] R e ] 4 |
B3 P A RS VA A i o R & TR Y It
25 ROEERDLHEE (LA . JE AL, Hi T % s B ai
HYEFR] 23 A FRR 22 ) | FRES Rl Otse S
TR B AFIE) 55 T B BN A0 B 0 A
G, 22 Y5 S A R Y R G A ARl 8 SRR
RIBHEIE R, BRILZAN, #EEE KRR
K& AN AL . BT 2R A i i S A T
— A

TERFSE FAJ7 T, A0l 18 b 58 K 4R h
TEVEY RPN . RS P A5, i
NG AR AT K2 2 o Al & R BT 55 (0 P AR A8
O (EE. B1E. BEE . PHbdeRfeder it
85 KA SR BTN 1 1 B ROTAG A o

FERCHE = AR T, AR AT B R R T
REHART B, 55 5T Al B il B0 ™ i A7 ik
Z (HAMSWEEYAEEE ), Mmool k=48
PREHE = e . HEBE) EEk =, M AHE
PR A B R T . BRivZ Ah, B
BB B SRR TR . s R R
WE) . Al AR (R, =) S k= bR
HEAC R RE S A48 B AR o D H 2 [ RORUEE 4k
OB B i 7=, T B bR EAL Y BIE . B Rl
B 950 K 22 B0 56 T A S B PRSI . 8 P 98k
B AT 5 — A M, PR 7 W R Hh B
TR M HER MR B R R B, )
Ab, 8 RV M T 20 ek, g 2%
IUFR R (RS —dhde—IX3), fd “Wi—7m

EHEUORT 2 RRG A, ARG TRy
gpip gl K.
42 TFIRERIRRRIERE

AL3E 3 LA JUAS J7 T E — 25 i 4R Ml 12 S )
I A

(1) BB —L K R —ta N5 Hh
— R LA A R AR, ST B R AR T
G, REEY LB, HTE A Z M8,
38, TEARTRAT BN R W T e AR 5 Aol 2k 7~
J7 A R A A, S 30 b T B 0% 4% ERORN B 8 b
i A 0 BN T i /NS A 3 E B VNS

(2) For BHAERSATSE A, fEa
RUAYZ A RE T LA K AV XS b TRTASE A E5H8 A A0t 1 o
RATH T T 0 4% 19 JC WS B 2= I M Re, JE O
RSB E e  BE L B, IR X
CODREAR” G OL B . Azl AT A A
SR G 2 S ) A de T TR T S R 4. BT AR
H#E (Generator’s) 1Y 52 il B A 1Y) BB 07 F1 %5 1) 2%
(Discriminator) Y34 58 A= i &8 A8 77, HLAEAOG I
O3B BERAME X A R R 22 ) E A EORIG .
SR n e 8 SR G S o NS AT R R
JE T o] FH P R AR 5 L A A, AN e
TR TR SRR, B R PR ER R S Hr

(3) L RREHER . B 2R LSRR, B
EAFHBEHGEE (GEIE ., #ER. Fir)
FRKG 20 AR BURE AR 7 1k DA S BERBAR R, AU
RS BB 43 B ) AR T 1 B S A, i ELa e
SRyAe P RS B Tt 0 Ak R R A SR Ak T AL

5 45 i

RSO MR B R R B A, IR A
o L SR I, Al 3 SR 7 i O A L S
JiH, XAl I SR g | A AR R T RE
(Al R AR SR AT T 2808 o A I AE AR Tk
4 BT LA S 22 8 S K a1 TR 8 5 D T BBA
RAFE R . (HJE, 2R 2 M TR T M T A
ASBEHE AR A5 AR ER Y B T A T
VERIXMERE R, kAl i A R i BR A N 3R 2 —
TERARTITIE R BAC S Z AL | w5 B AR AL B
sty AT 4] 5 3 52 A RR 55 Al Az 7 Bk SR 0k
—B Nk . Rk, SLARAEHELE . B AL
JEFOR, B A ATER | REE | 8B



e 307 P S AR AR o - AR B R R

BRI AV A8 B 5 kR 5 R e 1911

55, SR TRl R AR T ( E HRE  EE
ﬁﬁﬁiﬁ%ﬂiﬁiﬁﬁﬁﬂiiﬂﬁﬂﬁﬂiﬁﬁﬁﬁE‘Jﬁﬁﬁi
Z, @il AR R B R IR S I
LB EAERE . BT Fﬁu%ﬁﬁhfc@]y%ﬁﬂ&
S5 AL AR AEAL , S DRSS A P 4R S PR

Rk, B BRI A = AR R RS
YIRE -
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The development and prospect of agricultural remote sensing in the digital
transformation of agrifood systems

Hasituya'’, CHEN Zhongxin®

1.College of Resources and Environment, Inner Mongolia Agricultural University/Key Laboratory of Soil Quality and Nutrient
Resources of Inner Mongolia, Hohhot 010011, China;
2.Food and Agriculture Organization of the United Nations, Digital FAO & Agro informatics Division (CSI), Rome 00153, Italy

Abstract: Against the dual pressures of global population growth and evolving socio- natural environmental dynamics, agrifood systems

face unprecedented challenges in ensuring food security, maintaining socio-economic stability, preserving ecological integrity, and achieving

sustainable development. How agricultural remote sensing can drive the digital transformation of agri-food systems and to realize the “Four

Betters” goals (Better Production, Better Nutrition, Better Environment, and Better Life) is a pressing issue that requires systematic

planning. This review systematically examines the developments, current gaps, and future pathways of agricultural remote sensing
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development from three perspectives: remote sensing-based agricultural monitoring, developing and sharing of agricultural data products,
and practical implementation of agricultural remote sensing technologies. Significant advancements in agricultural remote sensing have been
achieved in innovative methodological development (e. g., automated self-learning algorithms) and multi-source data fusion for in-depth
information extraction in agricultural production. However, critical gaps persist in three domains. First, the maturation and standardization of
agricultural remote sensing techniques, for example, current deep learning algorithms demonstrate excellent performance in controlled
experiments but face significant generalization challenges in real-world applications due to sample/lable data constraints and transferability
to target spatial and temporal domain. In addition, the production and dissemination of high-quality, standardized large-scale and long-term
agricultural data products remain critical challenges that require urgent attention. Currently, only major crops have regional or global scale
remote sensing-derived data products, while crucial agricultural management parameters (e.g., irrigation, fertilization) lack standardized
monitoring frameworks. The existing data products suffer from the temporal discontinuity, spatial inconsistency and the validation
deficiencies (the point-based verification, not the field-boundary based Validation). While crop identification, crop growth monitoring, and
yield prediction are the research focus, there are no adequate attention paid for monitoring the complex cropping systems (intercropping,
relay cropping), non-grain conversion and field management practice and so on. What’s more, there is an even greater lack of development
of standardized data products for crop growth monitoring and yield estimation. Besides, the transformation of agricultural remote sensing
outputs into actionable decision-support systems remains a critical bottleneck in realizing the full potential of precision agriculture due to the
data-to-decision latency, inadequate integration with farm management systems and the limited contextualization for diverse end-users.
Moving forward, strategic priorities should focus on the following aspects. The integration of artificial intelligence (Al), big data, and
domain-specific foundation models (e.g., Agri-GPT) represents a transformative leap for agricultural remote sensing, significantly enhancing
model robustness, generalizability, and operational replicability. This technological integration is being institutionalized through comprehensive
data platforms featuring standardized protocols and nationally unified service frameworks, characterized by the development of agricultural-
specific transformer models trained on multi-year, multi-sensor satellite data and high-resolution UAV data for mapping diverse crop
varieties. These platforms incorporate open-source model hubs with pre-trained and domain adaptation tools for regional customization,
enabling seamless deployment across different agricultural systems. These advancements collectively establish an intelligent agricultural
monitoring infrastructure that supports both precision farming and national food security strategies, projected to improve annual income
through enhanced input efficiency and reduced monitoring costs, and optimize synergies between agricultural productivity and ecosystem
services and serve as a replicable model for cross-disciplinary remote sensing applications.

Key words: agrifood systems, agricultural remote sensing, development and standardization of data product, artificial intelligence, remote
sensing large models
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