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Fig. 1 Spectral reflectance properties of crop canopy and spectral range of different sensors
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Fig.2 General technological framework of remote sensing monitoring for field crop diseases
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HEAEME (Texture Feature, TF) S5%ETHET5%0 (Disease Index, DI) & AH M HE1 T %6 |
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YEW). Zhang 2% ™ B IC AHLARBUK R 20615 Kt , 18 i 5 — AR BHR 20 (Normalized
Difference Vegetation Index, NDVI) AJ RhsAb i/ i FH () AS [ 7™ 5 B AR K R S, THEAR
FRAT IR 63%. Santos 55 ' 3 i TC AL AR I Z L 1 52 BRI %) R TR U e XI5 23
2, AR RO B, S RUERIE R T 70%. Zhang 45 ' (I -7
AR AL AR AR IR, XAS [ 568 J2 R s (] F) T K B 164 705 3 i o, Hoi
JEAF R 7 BB R R BN 0.93 . Yang 55 1 TR IR HITFJE 1148 20 it
A AEAR JET 90 0 SR DI, TRUHIDRG B2 7T 3K 93% . Mattupalli 55 7 5@ 0 TC AL R G AIA AL
LT 5 RO B ARSI, RS RS Tk 96% . 26T HR
TER A 35 2 B I v B AN 1 BT
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Table 1 Research on monitoring field crop diseases using multispectral technology
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A FHE MR EE R e MS3100 ZGiEHIHL 0A=96.8% [13]
B AR A = TSR MS3100 ZGiEHIHL R?=0.950 [32]
LCIE N KEFwH MS3100 £ JGiEAAHL — [33]

2EE5N W A L3RR _ MicasenseREDEdge™ £t 5

e T L S fr=oo 2]
(G UN /NEIEH REDEdge-MX ZOGiEAEHL R>=0.81 [41]
WA B v FEAERL I Hlak 2oL 0A=93% [46]
X35k BCR R ARE IKFEBUHHG Spot=5 — [34]
W R FRFZLUR Sentinel-2 0A=89.43% [36]
KRR FEAEAR I Sentinel-2 HLEZ 3 0A=91.2% [39]
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MZELDGIEE R, HOLIE M P30 % ) 2~3 nm.,

AR RS 5 G T A 2 B 28 o P A PIDAS  (Portable Imaging Diagnostics Analysis
System) HiY)GIEL L K2 ASD FieldSpec S AAE S 5 % i e RUEE DA K HH ) et 22 RUBE AR B
WAk SRl , 2B T RIS R SO G R 5 T S8R R G &, I e T Uk BOT i
T—RI5E. EAS S > [ H] ASD FieldSpecPro BT URINA /N2 28 B el )2 e 't
TR, IR R RS I AR A T R OG0T, SRR 630~687 nm ., 740~890 nm
PAK: 976~1 350 nm 2 A5 855 il A BEURR I BE . X R 55 IR A/ INE SR 3 AR )
s G R 16T 22 A i F OIS TR R, RS 1 A /N SR e R L
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55 36 57 1 1]
WRESEE Y XA AL B2 723 nm Kb 1 — B o3 G 37 e T S A A S T AR AT IR L
JCIEHE RS T E B AR OC R ECH 0934, A2 #F R e U B SEaE T, A EX AR
F USSR B T A, E PR T 3 D ARG 2 U4 0
FHANTR A= 5 A /N e 22 v YT AL G B A H6 2. (SDr/SDg) X AR BR A T . R
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X L BOW o 7 T A ) SRR A SRS, b DI-NDVIZERIMER | WS I0T  nt
WIS EE R T 84% ., a5 AR A IR B A I R m G OGS S 4E R
(Fractal Dimension, FD). NDVI5 FL{EAL#E$5%L (Ratio Vegetation Index, RVI), Jfil%
ENTSCES B ERARSCE, FFFERI FD AIAE e S il ik i (@ RO Y i 5 %5
Mandal %5 ™ {ff ] H B R J50% 45 20 (Ratio Blast Index, RBI) . JH—{k 2% 5 R J500 48 4K
(Normalized Difference Blast Index, NDBI) 2§ 28 /M Gik8 4L, M ZHEm =ML (Support
Vector Machine, SVM) . B L #& X (Random Forest, RF) F1Z2JC H if b [0 13 K 45
(Multivariate Adaptive Regression Splines, MARS) BIADRAG IR F ™ EE . M S0
85 B LT BP A MBI ST T RR OB B BT RRIE S i, A5 RRIIE R R
PR U B L 2 820~920 nm . 1 160~1 200 nm F1935~975 nm,

RIS MR T AR AR S PR G, BT LS B sl )2 . XISE 2
REENH o motik G HAT “Eika—" A%k, DI s is EHR DG Rl i
1553 B il LIAS B ED AN 6, . S0 7 DA S NI i 2O A 5 B o i ) &
BRI SOCEAE R A SRS, e W24 = Y 3 A TS DU AU AR 1k . R
TESE 5% XN [ R S5 0 R KR e MR FOG 5 B AT 400, S 1 T R4
AR IR T B A bR, MERA R AT IR 96.39% , BOUUMESE P Al K R A IR
1 G FMER ST 1% TR A4S (Bag of Spectrum Words, BoSW) #EHIAHr 5k, XK REREIE
W E R AT, ISR BIRE T K 94.72%, B AE 7 XA /NAE SR e T IR
G IEAT RE53E) . F RS9 HT  (Principal Component Analysis, PCA) PN F KIS0 Jr 2%
SEALE, o E R S R R T 1K 98.15%., TGRSR Y R A BRI A SG (Savitzky-
Golay) BT AN /N AR BRI I R G BRI A TS AR 3, JF A T TSG-PCA-SVM
SR/ INAE AR B R GG e RO RS, ARRDRS BT 55 99.15% ., B i €55 ™ [T H] SG Uk
BN 1 A ) e DY MR A T HUAL BRIk FH RF 3803 5 PCA SRR UG RAAE, 14
ST R R B AL ISR, 2B X T S A S HE R I A R? R 2k 0.93 F110.85
XIVEL 25 100 ofi FH 22 T Re AR i 16 5 2 6 BHis AL B, AR 5 12 HH Logistic TR W 55 HEAL Ak
PSO (Particle Swarm Optimization) -5 SVM Z3 2R AG AR Y X /K FE AR RN 72, AR AT
N [ 7 S A - P4 VA T 3K 96.49% , LI T KRS RERE I 43 GRAGIN o Zhao 55 1 42
HE B T OGS R R RN S AR AR S5 5 1 A N AE 1A FR 2% 2 HL (Extreme Learning
Machine, ELM) JKFEM- BRI E 2H AT, SARHERR A5 97.62%. LA BRI
F VARG s Ay SRS T RGP RGBS, (R AR SR 3 DI, Rt
B A R RO R . 2 REE LL sentinel -2 2GR ST T — R E 06
TR ACRIBL, . RIBL XA ARG I 247202, i RIBI, 556 J2 00 T 45 B A A Sk
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Table 2 Research on monitoring field crop diseases using hyperspectral technology

W  fERA RES Hdia WK B 27 ik
—_— Liikta EES ASD FieldSpecPro X R’=0.934 [21]
ks INFE S4B ASD FieldSpecPro Y%L — [50]
. N ZAHR PHI [ PR R AGO G REA R*=0.521 [48]

/S KB SENOP RIKOLA A{{%1% R*=0.84 [51]
[X 3 IKAE R FieldSpec4 Y% .Sentinel -2 R*=0.78 [62]

IE: RN A

23 WORLER

-2 R 9O LR 5 R G I B HEAH DGR B o ORI LA 875
o6 BB LL KA H OGR4 RO, F ORI F 2 s R 9O 8) T2
HARMPOCTEFVOCHEAR ™, PR E R -2 R YOG T 2 2 pt = N s8]
TREVEYFREIF D o W0 Romer 5 'l HIBOGIH 3 M-S R VO CHARRIS /N -5
AT, BFSEUER T SOGRRIE Y 2 TG DL K SV MO S R ARSI A P . SR
RS XK R RERR R TTIFSE , WFSE R B PO G S S 3R DR 56 T o3
55 2 2P E BN R A5 91.7% . Ava % " IEFRIEIOOGIERE, A5C5
BRI T /N S RIS . DL BRSO TR R E YL A RS S A pL
P H S S, ER T SR B, AR T Rl M

HOYELE 296 (Solar Induced chlorophyll Fluorescence, SIF) =% JEF5 Y 7E
REDGHT, B TORIRGEES, XFOGIEES AT LU B YOGS /R
AT AL, DT SE B ED o 35 B S s | TRV E T, A GIS S AA AR
25 5 5 0.1~10 nm [IRGZ, M FR-A Fraunhofer 28 . {F Fraunhofer W W By , A1 2 556
FHXIEL S8 . DOCRORE:, Il DU S R 5O . FlZExX — 4k, W& It A
FLD (Fraunhofer Line Discrimination) % 7% . 3FLD (Three Band Fraunhofer Line
Discrimination) FEFISHER) FLD GFLD) 555, X IH4E 7 BF5E 1T AR R ECT /)
AR SRS B AN SIF Sl , S5 RRY], U FH /N T 20% 1), SIF £ 1L
S CIE R /N A AR . 9KV AE 3l 4 Fraunhofer 28 5 FRER HUH) H Y65 T
PG S RE W/ N 55 ) H 1] A2 R BT L 688 nm 1 760 nm AbI-48 K9 S 18
B A G, LA WS REETEAEY IR 3 AT I, (H S 300K JE v BE AR T STF %L
P IBORT

SIS T LA S e s VR 6 2 T LA 45 A A8 Ak, (BJC I S B S A DG B ES
PR 255 2R FH S SR G0N A STF E8ls XA E Ve 35 e ITWT 9, REAS [m] i Sz ke HE MR 7E A=
WSEUALOCE E IS 74, TSI S B B E R 15 0L . PRES4E  TEB
FERBAE B Z I 45 S A B S8, e . M RIS BT R . X2 R R0,
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55 36 57 1 1]
B AR AL B2 S RS, R OGS AE T WG R ATLLA (400~2 500 nm)  HY B B
EIHEH Sk SR IOCSE G E B AR B A, ES T R 3FLD 5
EEARIBUE S SIF Bl IFHE LI STF B 5 11 FP SRR PR B RF I BP M 22 [ 4%
BB AR 5, AN /NZE SRR T AR, WESE R4S 5 )2 SIF BUE 5 RSN Rt
?‘ET%&TU%E%A\%J%%PEEEHM*ﬁEo AR T 5 )2 SIF B0 Fl RO 58, DA B
/N3 (Partial Least Squares Regression, PLSR) J@&H/NE& &S0 FIWRMA 5T, T
S5t A, et )2 SIF B AT DASE i e R N2 R T BN AR 7 R IR HILAR
M EH  (Random Forest Regression, RFR) L, LLSIF., Ffidh it 4% £ 8 %80 (Meris
Terrestrial Chlorophyll Index, MTCI) FINDVIAE A AR &7 /N S50 WA AL, AR T
B R SIF BCHE 5 SR C R, BORRS A T BT . Mustafa 55 7 il T HLER 2
JGURE P Sl 1) e, K s GG R R | R R OGRS RN gt i A v 3 = gy
fELH AR, AT LASEBN JCAE R/ N2 AR B A, P2 73S UER 3208 87.04% . Du 5 ™
e J2 AN 7 RUBE X /INAZ S8 85 0 S i 3O 1S 5 11 ST 5599 T 7 7 B O AH S 20 ol 9047
WE5E, FEmt R R b, SIF X 3™ 5 B8 12 A SO RURR . DO EORTE R FHAE s T e
M I I ARER 3 TR

RI WARAREUNKXBEDHRERR

Table 3 Research on monitoring field crop diseases using fluorescence technology

WFFTRE FOEHAR YERZm  RESA WEIRS B E= BTN
Ly OGBS RO INZE 7] 0A=93% [64]
oy HWOGIE RO IKFE FEIEIG 0A=91.7% [14]
Ny H Y7 I 250 INE KGN R?=0.808 [72]
Ny H G E 50 INE AR 0A=87.04% (73]

N OGS RO N S50 R?=0.867 [75]
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2.4 PLIHMER

ILLHME AR BAANZ BT . A2 RIACRRsEm | KAt AT i LA &
B I U 5 P I SR T AL AN RGO 3 1R R Y BRI
PRGBSI B30 28 T B2 5 e et 22 M TR R R 5 i /N 22 EA T DX o3 77 7 et kA |
AR SCEE 7 R A I SR XS /N M B AL A MG BE A T (B 2031, P S0
TERERA RO, TS T IRLLANE B EYI I 5 39 . Mahlein 55 ™ fiff HEREL A1 |
PN TGN NSRBI HEAT W, WS A SRR BRI RN B AT WA R A
LT AN G R TG EHGARHIE X /N2 R s e A 35 T 5K 89% o

HI TIRELAM UG 3 FERAIG . X L BEAR . {5 R S8 B SR IBOHE RS 3 S5 B i, FAHIBF R 02
BT ILT AN SR AR it iR B AR AL IR ER I 00, A2 X AL A 5 e
TEESE o BEE P &7~ SR EE 2 ) SR LB R R I, A7 TR 45 G IR 2 T X
Pl A REL AN MG A T/ T AR 3, e A5 0 XEIF AL B ANRE S /N2 22 B IR AL
ANEAR BS54 RF (Random Forest) . ELM  (Extreme Learning Machine) . BP #1250 2% .
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Z ot PEH  (Multiple Linear Regression, MLR) 255 ¥ HE /N A FUORHE B0 17 48 B0
MRELRL,  BF5E RE P [) I RE AR 5 AR RO RS 18 foe HEAH OC R B 0.750, FALLAMEI S
AR T IS S B T R RO, AT DLOGES 5 AR A NG SR E Y T4 1IE, AE
B 8 15 B DL B AR BT RE B . Singh 25 ™ FEA0 LT A R0 AT DG 8 o 3 ik
TR A MBS 73 JERPAl /N A SRR T B, WFST R W] SVM AHERA Bl 98%, AN[) 733
Ik FP LD AN FE YA T a] OGN L . s, ST Al DG FIR LTS S A AL
e IR N SR L IEME LA Y R . DL LR AL AN RS
Sia 2ot . mOLIEMIOCER LT, VRIS, (B e sl . Blak
PRI Z AN Tl A TR, FAZT AR R B e SR el v i 1 P AN 4 s

R4 BROHMEARENKBEMREAR

Table 4 Research on monitoring field crop diseases using thermal infrared technology

0N HdEm l®7ESH S A WEIPRS BE E =B
e hh INFE E 3] — [77]
Loy AW INAZ I 0A=90% [79]
FE S AR N i D L INEZ TREEG 0A=89% [80]
LT EEE RGB &R N FRHR R*=0.75 (81]
ke Herhh g INEE AR 0A=98% [83]
PLrhh ] IO % JeEE IES R?=0.959 [82]

TE: OAFIR ML, RPFTMKRLL

3 RIEAEYA & R A A

T R M DA R 2 A AR T o o SRR IS 2 Y S B BOR T BE . H T N TEAE )
i T M 5 T AR 2 AR G | AL SR g ) MR A T
3.1 ZRitiEE

G AR ARl o Gt S AT R e A s A Y . e R Bl L TR )
R R, R A e A 5 R o YRSl X B E A )
o I, Gt o A T LA B AR A HETRPE . BIFSE N 51R H Fisher 2P0 5 43 By
(Fisher Linear Discriminant Analysis, FLDA) XJAEYRE XS T —RIAEE, Wik
SEA0H] FLDA 855 it 3 Gl % /INAZ OB R AR 50 HEA T IX 23, IR AR/ N A2 Rt
FLDA XF S 85 IR L S Ot S P I A, AR R B O 75% ™0 Ma 55 1 fifi ]
FLDA XF/NZZ PR EAT M DU K I 4555 AdaBoost, SVMEATRS HLAMAT, AT
AdaBoost B WM AR S, RS E T 35 88.4% . Huang 55 ™ fili Fl FLDA A& SVM % )5 &
X NEARTIRHEATIITE , BIFORS BE B 2 7T 3k 88.6% o

AP L M TP e (] 2 oe I AR, T S B R ] AR 2ok e
(Multiple Linear Regression, MLR) i fiz /s —3f€[al 5 (Partial Least Squares Regression,
PLSR) # ] L FH 22 4R A0 X5 VR Wi 5 R AT B F RERS AT Ui i USRI, 246 16



b

£ 22 - BUAESE R FAE i B R S e R S AT 5 BUIR 5 e 22

536 &4 1 4]

4 ORI AR TE (Pushbroom Hyperspectral Imager, PHI) 5215 I U BE)E 2400615
SR SRS TR ECE T MLR, S 1 2 /NA ZR B i R R S R AR JE A B . S A5
MLR AR, PLSR AYPLETE T8 REAS [m] ) FEAR S e 208 P OOk B ORER 0Bl ity Jr 22, AT
TR ARG E MR R . SR TR A T XS A /INAE R ] T MILR L& PLSR Py
VR EERE, WF5Y W] PLSR L MLR J5 iR MERAPE ST 5 . PLSR AN FH T /INA SR80
A L R Y KRR Y AR ST . R BRAE T R Y SRR
A5 PLSR X /INAg 2% 1 S ™ o S Y, O HL R RRE PLSR 5 BP #1281 4% LA
R ER L IR ST AR T T X L, PLSR SRS 3 Al -5 S PR (EAH DG R A RT3k
0.936, XIFF%E ! 76 SIS A5E T R F PLSR XU & AR/ N2 S e A T e, I 24 A
TSP 3 S0 PT 3K 98.27% | 94.33% . XA 1345 ) SR i) PLSR % 3 4B 1) 58 )2
PGt 2B | AR SRR S /NS AR R Y, BRI IR A OC ZR BT 0.93~0.97
GBI FHAE YR FOFFE b B R AN 5 s o

®5 GITRAEXRBEEMRERT PR

Table 5 Application of statistical models in the research of field crop diseases

RIS 1EYZm e sl WIS E = DTN
INAZ IREE FLDA 0A=88.6% [86]
F 5T
INFE PR 2B I FLDA 0A=75% R*=0.73 [84]
INFZ 35 MLR R?=0.85 [10]
[B] A 7Y INAZ HRYR PLSR .MLR R?=0.77 [87]
INAZ R PLSR R?=0.88 [94]
INAZ R FLDA .MLR .PLSR R?=0.80 [95]
e PN EVEY Rl 5 5
INAZ FIM AN FLDA .PLSR 0A=80% [9]

TE: OAZFTRBVARIE, RPFmAHCREL

32 fREgH R S)RE

TG g7 2 AR R TGt T 3e DK v T LR Iy A A 000 o e
W R TAFMERBEREAR | 23KENI RS (Clobal Positioning System, GPS) $7A |
PIER W H AR A e S AR ™ A T R ARV B B . GG GE AL, JorE A3 X ik 2
BRI oA SR R, HLES S BRI Ok B s FH RO i, i, e
T, R | EMRATRRAE U MLER S el R A N 2R A R . Rk
TEVNZRAE AR 27 > o3 B A0 B8 53 288 A LD K3 A0 5z T 2 s 46 b, DIl 2Rt
FEAT LAy Ry T B 2 ) R W 22 ) o B T A A N A2 2% (Artificial Neural
Network, ANN). ZHGHEE (Mahalanobis Distance, MD). RF AN ZERBANLE, ILE
Bt 27 2] AU HE K-means R2EFISLIC (Simple Linear Iterative Clustering) .

Yuan % 7 SR H ANN. MD Flfg RAISR 2548 (Maximum Likelihood Classifier, MLC)
3 W B 3 2 O R R A /N R DX B AR L, L ANN @Y ] TR BE AT 3K 89%.
Azadbakht 25 "% ffi F V-2 HL (V-SVR) . 2 F+[FHB (Boosted Regression Tree,
BRT) . RFR FlE it #2 [ A i s D38 SO 3 85t 5 A W) I ARS BUKF- LA B/ N2 258
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P I TR 2 ] A DG, WFT G R WIAE 3 R I BURBUKE R, V-SVR EB R AE,
AP BIFHIC R EZI 0 0.99, Feng 55 ) S PRt Rl H /KRG BiEs . ReEEs . RESChim, X
AL AR GIE RS . PGS | BOBE S g eiE I TS SRR, ARG
SR SVM . g [RH (Logistic Regression, LR) F1 CNN #& R X} /K fig & EA T X 4,
WF5E 2R PCA A TRAESEIRUS 19 HIS Y vEmf i i 93% . Zheng % '™ & SG i HI RF
XoF 7IN 22 B A5 9 ORI ' T R R AR DL SR R AR R AT R BE . 205 A FLDA . ANN,
SVM 3 Ff 32 77 v o7 W MBS Y | 2 7R m] DA IX 3l RS X6 /0N 22 8 455 9 W DK 32 T 3k
84.2% Tian 4§ " XPKRGMHHERRUEATIISY , (R F G ERIE (DSSFs) #EATHLAY
2 ) T V7 B AT 3 RE (ML-SFFS) i AS A B B fie FEAL A Rl A i A A v o
F 57 3 B ML-SFFS 78 7K A5 S B B B AR R 4 7T 15 95% ., Almoujahed 25 1 i Hy
— o R T R AV I PG I P ()N AR IR . SR ANNL SVM AT LR 5
R, ARG 05 80% LA I Singh 4 "M [BFIE 25 AR, e E R SRR 4
A Cubist #5875 5% JE I 1Rk 25 955 L/ N 22 254500 7™ B 188 T A e (AR 780 . Mustafa 55 7 38 12
Boruta FAF S BRI BERE T /N AR B9 (0 BUBRARAE 0 I FH LA 2 29 U 37 30 i o)
VEPE (ML-SFFS) DARASFIRAERRFAL A, 177k il DA O IR /N 22 AR 5 i A
SRR AT 1k 87.04%, 495 7 H B Ky 20% IS I HEAR BE 7T 35 95% . LSl g S H
RITE R AR08 T 5T B R a6 6 TR .

R6 fRGENERFIREE X BIEMHEETR PR A

Table 6 Application of machine learning models in the research of field crop diseases

Vi YIRS TR i it WDk g E 2PN
INFE 4595 V-SVR.BRT.RFR.GPR R>=0.79 [98]
INFE IR LDA .SVM,ANN 0A=84.2% [100]
. e 2_
e INFZ PR PLSR.RFR.SVR R’=0.86 [104]
IKFE I BEN R RS A SVM LR .CNN R?=0.99 [99]
%! 3 A MLR.SVM.RF 0A=79% [105]
+5 WS RF.GBM .KNN 0A=87.8% [106]
_ . _
P jt% Ji SLIC 0A=95% [107]
HiAe AR SLIC 0A=88.5% [108]

T OAFIR ML, RPFTRMKRLL

33 REFIJEE

TR 2 ) B A A A5 GEbLas 2% 2T B RU A VR P 6 W S8l A T i 11 & 23 R AiE 2 2]
RE ST LA S 25 ) 56 R B AE 7. TR EE 2 SRR AT DIGE i 22 )2 M 28 M 4% 11 5027 ) R R AR
Yrig b s AR SRR BT LU SR ZE M4 (Convolutional Neural Network ,
CNN) 505 Peimi e AR h 0 25 [ AR AE , A TR R B 43 B RS . Ak, IR
JE2E 2RI TR O SR IEEAR AT N USRI Y AR, FE R
HAVEY 2 B 2 ST, F TR 2 ) Bk 2B A MY (CNN) | 5%
2245 (ResNet) .

CNN 2 EUG A U 5T 5 2 AR, BB, Wik . BO&5AR
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%5 36 4 1 18]
[FIHRAE I T2 3K R B i RFIE . Zhang 45 ' 360 AMLE G BE H2 H IR B 4 L
2 2% (Deep Convolutional Neural Network, DCNN), [] i &5 25 (8] FDGIE (5 B0 5
BEIRHEATRLN , AR WL AR/ N R K 2 R AR m i ke, BEALEAHERR 2R
85%. Pan %5 "R T —FIET & FIE R AT M4 (Pyramid Scene Parsing Network ,
PSPNet) 1 S5 #IA Y LS B FH R RUBE (89 T8 AAILSZAS/INZZ B85 s DI, B AR TR0 e
WK T 94%, HEA—EMIZEES . Feng % M [ FIFE T H T CNN fUiERS 22 2
T XF 4 BN [6] it AR R HEA T BRI, AP R IR BE IR A% 2% 2] 5 v v LA A [] 7K A it
P Z A AT E RGN . Xu 85 1 S T — R eGSR B2 ) J7 ik RFE-CNN,  HI TR/ N
MR E, 5VGG-19, ZFNet, GoogleNet, Inception—V4 Fll Efficient-B7 AL, %51k EH
AT A PR (] BT AR I R R RIS SR A F IS N BT, RV R UERR R IR E T
98.83%.

B 25 W ZR AT i — R IR PP 28 P 28 A, JHC T ae IR ER i R A DR TR 2 o 22 I 2811 2
H AR B2 T SR R BE R AR (R, T HAR TS M PERE AN ZRASOR , ) 2 T IR 432
fE55 . Tang % " FF & T —Fh 44 4 RustNet £ 28 0 4% () EI5 53 2588, R T ResNet—18
ARG L S TmageNet £F ILSVRC BUHE 5 T a4 T B0 Z5 LS /N S i AR R o 2%
It H RustNet 7EFEE A FFEARER AT TR 500, HUEM R 5 ik 86%. Qids " 4
T R 2] 3 J IR ZR A5 R TORE IR (1) S 8% S e 2 G S AR HEA TR, ST
J2{#i H] 2D-CNN 1 3D-CNN 42 BOGTE 25 [ 4F1E, 285 il T 1L AttentionBlock Al
SE—ResNet 2 5 P FEAE & T i) 8 35 RRAE T34 AL 1z AL RE ), WF9E 3R BT or 2807 R TE
FRE B (492 nm, 519 nm, 560 nm. 592 nm. 717 nm 1765 nm) FHERPE ] 3K 79%,
h B S B R A IR I T H AR T % . Antolinez 55 1 JEFHE R > 1 4 4 25
ZRF AT BRI FOK UL LLAMENR A TG I R 2, RS FOI R 35 H 86.7% . TRIE
ISR R A EY AT 5 g R AN R 7 s o

®7 REFIRBEXBEVREAT PR

Table 7 Application of deep learning models in the research of field crop diseases

1Y) 5%
K P 271 WIS i
25 o Ji e WA -
INFE HLB CNN Acc=91.43% [119]
CNN  /NE H DCNN 0A=85% [112]
Tk KB Mask R—CNN Acc=96% [120]
INAZ H SVM .RF .BPNN .FCN ,U-Net ,PSPNet Acc=96% [113]
Ke i Inception_v3 Resnet—=50 . VGG-19  Xception 0A=99.04% [121]
ResNet
hESTE HERE NS CropdocNet Ace=95.75% [122]
¥R,  RFE-CNN.VGG-19.ZFNet.GoogleNet . Inception-V4 , Ef-
INEZ i 0A=98.83% [115]
CNN i ARG ficient-B7
ResNet FLRE Mask R-CNN+(VGG16 ResNet50  InceptionV3)+(UNet , SR R AR
BE S [123]
N5 97 PSPNet Fll DeepLabV3+) (MPA )94.24%

TE: OAFIREMNEL, RPFTRMLEEL, Ace RRifERH
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41 #ig

i, FERO IR B S  BRIKEh R ARt . AR A%
O B RESEBUR AR A i R ARG A B, PRS2 TE 9 5B . s 35 MR DA R HG
WA A EER | 3B AR — U SIS BT S B & e 4t 15 T S . ¢
FRGEA TR AR 35 1R S D ) A SR BOARHE SR L KRR IR e i i A A 4
JTHBEEREE , PR 22001, L R . PO SN S R BB AT T
FEIRIITE DL, JF RS | AR GEHILfRer > PRI ~7 > S5 10 B S JH A R P Y S
AR AT R, BT 2O RO R TR R R R RUBE R A O
WEFE R TR bR FURE A 5 s 003 o P O A LS AL S AR RO s XU T
VEDIIR E RSB ITR D 5 T SR A HIPL G o5~ sl e o ST BT S & 2 IRl A
PNEEAES T NS4 DI (R 7/ o =0 e
42 RE

I FE A SN R PR AR VR 3 S IS T8 22 W R s O i A 0
HERT 2 S BRI ZY , 4 F AR B 5 S I ST BLAR AR LR J7 TR E
DAGE BE R FE Ay 7 M0 9 5 J

(1) FEYp 3 I . 220005 i RO VR i T M o 2 Ao AR
BUSHEAT, Jouki 2 DA BT B POt AL b BUE AR Y 5 R0 W B D7
A, AEZOE S LN AR B ) 52 W 1 . PREERRM o PRI AT LR R Rl 5 22 TR
PO, PLAMEGHOLTIE . 2060 . RO R T R R

(2) 98 LT M ARG . R~ I AR AT L3 dok 45 5 % SR 1) 45 R 028 Jek PP B
ATy e AP 3 R R o S BB At S g sl IR A% L, AT AEY)
T RS A TR I T FNAL T, 2B T B0 S R 0 A 0

(3) i FRIEIL . BEE TR AL [ AR AL B AU A e, T ORBTE S
ROLEALE AT 5 B 7 T R B SRR Az AL RE ) o A 2 4t JR e FH B R B
T 5 BN GeoChat B8 M EarthGPT AR, SR11T, AT 4 A 3BT X0 35 A A
AL B YN AN T 1 R B S DR, Sl U R RO B N B TE R AR 1%
R PR AR I AR R . MR IR SR, ORI R B T LR Bl Se i B AL IF

o
=
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Current status and prospects of remote sensing monitoring
technology and models on field crop diseases : A review

Zhao Qianl' > Liu ChangbinM , Mei Xin'*, Mei Cuangyuanl' > Tao Tingl‘ z
Zhao Peiqin'" *, Yang Xiaodong’
(1. School of Resources and Environment, Hubei University, Wuhan, 430062, Hubei, China;2. Key Laboratory of
Agricultural Remote Sensing and Quantitative Remote Sensing Mechanism , Ministry of Agriculture and Rural Af-
fairs, Information Technology Research Center/ Beijing Academy of Agriculture and Forestry Sciences , Beijing

100097, China)

Abstract; [ Purpose ] The implementation of efficient and precise disease monitoring methods is
crucial for ensuring food production and safety. This article aims to systematically review the
research findings on remote sensing technology and models for monitoring diseases in field crops,
thereby fostering the development and application of crop disease monitoring technology.
[Method ] The paper adopted the methods of literature retrieval and inductive summarisation to
comprehensively review the research on remote sensing monitoring of crop diseases in domestic
and foreign contexts, and elaborated the future development trend of remote sensing monitoring
technology of field crop diseases. [Result] (1) The basic principles of remote sensing
monitoring of crop diseases were elaborated and the basic framework was constructed; (2) The
remote sensing data sources for crop disease monitoring mainly included multispectral,
hyperspectral, fluorescence and thermal infrared remote sensing; (3) The remote sensing
models for crop disease monitoring mainly included statistical models, traditional machine
learning models and deep learning models. [Conclusion] In the future, early disease
monitoring, real—time monitoring system and data sharing should be the key breakthroughs and
research directions to provide technical support for real-time or quasi—real-time monitoring and
prediction of field crop diseases.

Key words: field crops; inversion models; future prospect; remote sensing monitoring



