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Fig.4 Technological framework of crop diseases and pests monitoring and identification by hyperspectral remote sensing
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YRR B FE R] LATE 3 252 B B FE FEL A, AR %
Pa o T 4 R PR TSR, PR U Bt AT T
AU . AN, X T RS R A Y

ST R T LGy SR (BiarE)) SR R
B MG R e B ARR B AT e B 0 2k
AE 1 19063 DX B A e Bz 5 el x4 s ]
DG AT IR L S B e 2 732

T8 T e G R e R I B HL T I AT
girh, BEREE R A ITE . NIRRT
K F, F A 2 P PCA (Principal Component
Analysis) 3% T 2 BR UG 22 22 8] A9 (5 2T
&, SRE AT RE Bk D A8 i 4E B (Cheng 45,
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2010), sk B EAET k. LAk, Lk
¥ 52 575 SPA  (Successive Projections Algorithm) |
IR A AL TS ACO (Ant Colony) . 35 4P F 38 Ji7 il
L Hih BE CARS  (Competitive Adaptive Reweighted
Sampling) . mfEEE GA (Genetic Algorithm) LA
Ko7 i e A5 07 IR A G IS B Bt B A B 1
FHRES GE (Al-Saddik %, 2017; Li %, 2017;
Xie %, 2017; Zhang %%, 2008; 3 %5, 2016;
B AE, 20165 BRERAE, 2019).
ey, BRESRSEMESE, KR
Moy RS AR I 5y R 45 R MK B . T
Adam 2% (2017) FHFAFOGREACN 2 A9 )Z 5
TS B AT K M BE AR R 2 SR IS v, X
e e 1 51 3 1E W 4K B AL AR AKX GRRE (Guided
Regularized Random Forest) 1% %t bifi #Il # Ak RF
(Random Forest) WHFP/r25 7L, FEAHFIVIZRAE
BAEEEO T, GRRF T 6 Uk B S ol 1
PR3 2N 15 0y 89.7% 1 FH AR 732, T RF 1943
FhiE A3 81.8%, AILIE Y, EHEGEM I
Bk, ANUBETS R A A o A i, S REAE SCIN
R R FE T . HET, SEIFAILER A

455 M EY o 2RO P AR B (Lowe
S, 2017) 0 Horpr, EIESNEIE R SRR B T R 2
—  (Shahin 1 Symons, 2011; Singh 2 2010) .
Lu?§ (2018) i xS 87 g 1= g R A I h ek
— B FHOCHE | BOBOGTE LA TR S A R
() 80 BRRRAE 9 52 11 3 B, # HE Youden f5 £K
(Youden” s=HUB M +HE 5% -1) AE R 1H 5 3 it i it
& e B9 AR R L O A R 2 Y 2 28 5k S B
TR R BRI, SRR AR RS BE IR B 100%
[6) B W 1 e 1+ B 2% > AR 45 G A RO 3%
WAk, FETALGEHLE 2T B RPN Tk, ansg
Fm AL SVM (Support Vector Machine) , % /L
R 32K %% MLC (Maximum Likelihood Classifier) ,
M2/ Z% NN (Neural Network ) 7732 35 il 2 v A
T EY 22058 (Jin %, 2018; Mirik 55,
2011; Nagasubramanian % , 2018; JH| e L |
2016) . Li%F (2012) X mlGis B B 15 2% N
JERR 2 2% 3 A0, HERR IR B /NZE iy Bl T T
PERR DX, 2 251 HE i R A AR 23 S SR IR Ay
AHOCHT I8 i e ) 1) 250k

R2 HmAEMEBSEREMSEEE

Table 2 Classification algorithms of diseases and pests stressed crops and healthy crops

TE®)  HeacE ik Iy RHKERE E=BUN
QDA :94% .
BERL ARZERE RIS HT QDA (Quadratic Discriminant Analysis) (A DT(Decision Tree ) DT+ 950% Sankaran %,2012
:95%
e ANN .SVM .PLSR 100% X g 45,2018
LDA:95.68%
INEE TREFR 214315173 1 LDA (Linear Discrimination Analysis ) .SVM .BP i £ [ % SVM:94.43% IR 4R 2016
BP:96.87%
A MLC 98.47%—99.07% Mirik 55,2011
F - WL 1 £ ] 1 SAM (Spectral Angle Mapper) — Zhang %% ,2003
e . R SVM:100% .
HRE BOHE SVM & 43 5153 H1 SDA (Stepwise Discriminant Analysis ) SDA L8330 Yeh%:,2013
:83.3%

(2) TR HUE B e R o R e X A
—fEY . R HACE AR (HZ XD 1
G AHRIAN PR IR B AR AE (AN TR s 1R 2 ol
Tk L WD BT S I ST o R TR RN
U A IR T AR T e S R R ) 2k
IR, WA AR e S H ek R R ) O
St i {5 B HUE 4 26 (Chang, 2003) . Qin 4
(2009) K 15t 7 M 1 4 A 5 10 & A A A 1T LA
I 55 SR A g e O AR CIHEE . sk

EEWG . AMMRIE) ME AT R, R
TR IR T S B T A 5t e A A U
HEWRRINE] 95.2% ., il BZ5 T AR A, X T
AF ARG = G A 1) VE P R U 22 G T A2
g HL X I AR DR K 1 35 8 AR E e L B
(SDI) (a5 i A FH AR s 615 5t iR AT VE
3 R T TRUS 10 e R ) o S 4% 2 D B B
ZIE) 0 22 SRR AR RS A, DA MR AU Tk
[ % % (Mahlein %5 , 2018; Heim %5, 2019;



SRIBE 2 VR U RO R I S 411

Kong %, 2014),

BT i G ISR B VR P He F R S A 2
20 BUHE PN I EEAR A G 72 Z —  (Perez—
Sanz %, 2017) . MKHEEE 25 MHE T KIFE . A
[ fy o I A i d s, VR TR Y, HAEAR
[Fi) i 380 2 B H A IR 40 A AN T] T 3k 8 PR AN A
TP EAR . HKEFERNZEL L, HXTHE
I DA SRR R 2 R/ N X S R A AR — 2 (RS2
PR, L3 R IR R AE B RRAEAS AT DA BLAE
TESHCE, ] DI AE S [AVRRAE . SORRRIE S
KIS AT R A RS R B 2% =k (2015) i
BE AR HT /N2 e ROBE A AR e DG BN 1 2 o
PUNBURG Be . MOGTE LA A BEIE i LU (8 = A Al
BFEECRTVI (Ratio Triangle Vegetation Index) ; I
Hb, FERE T OGS AR RS A I GG A8 SOk
MERYEINE, AL T BEER A LT A SRR AL, 52
BT NE B . AT S R SR i e A Rk
PO, B TR RS BE GK #] 90.0%.  Knauer 5§
(2017) X1 7 FA 3 19 R0 WU e iod £ 5 90 B 2
T LDA 4 3 1% e AE A0 R T R 43 G R 4 B e
FREFAE, 421 7 —Fh LT RF 92— R AR 2 HUA
W RHEREIR ) 99.8%, HIEGH) PR TGRS
FIBENL AR AR 7 225 A HE, TRIRE BE 4R = T 10%
PLE ol OIS RRIE R 28 R RRAE 1Y 205 A Ak,
S VR o U S XA I R AR IR A S,
T2t — B BT XA o 2R B 7 S L S T
WFFER R

182 BT AR O BB s, F g S
fdt BRAE W 1 — 3 S ) 3] 43S [E1E 0 0, TTAS [
o R A UM ) 2 A ) A B B S R AR R
Rk, SEMAZ 2. Abdulridha 45 (2018)
i 3 2 AR AR G853 ) A5 IR G A 2 i X ik R

AR R R RIS MR, RSB K R R
eI, TR IR G TE DL SO IRl R AR EO
MLP I DT PR 73500k, SEBL T A il SR 250 K
ARG Z W U, fem 20 200K BT 3k 100% .
oA (20200 A & B 2 M 4% CNN
(Convolution Neural Network ) F1 55 Y61tk A% £ AR 3E
Fy MR UM BT b, Sl g N T 2
PRI 5 S B T AN R RO E or Ar L [
W A28 BB XA R I 2R, f T g
X HTAR RB 3 2R, 7 450—900 nm i
WL EA ST B, TEIEACUCERN 7 > 535
SE 41000 YA 0.001 i, A5 Y SF- 47 35 531 € 3k 5]
98.75%, JNIN LI T RGE Bt d , £LMIR . AR
9 LA B o3 e 5] b3 o R | 2 26 R0 . TRV Y
A T6) 9 H R R PR I AN R — A Bl 1Y) 43 2K )
HAREST B AR 4R U — 0 2R 2 i £
A, LDA, SVM, HLZEEJI4E SLP (Single Layer
Perceptron) MLP A % g 28 ] 2% PNN - (Probabilistic
Neural Network ) S5 L2 2 o H 4% S 4 fif 55095 4%
BEXS AR R G T R R A 0 2R T O T
TG e S F U 2K (Lepez—Lopez
4, 2016; Mahlein %5, 2019; #kikK 45, 2019).
BT AMTE, BIEE M DBN (Deep Belief
Network) . fifi 75 #f1 28 % 2% RNN  (Recurrent Neural
Network) . A= i 20 XF T B 2% GAN  (Generative
Adversarial Network) LI & & % ™ 2% CapsNet
(Capsule Network) 5528 8L ¥ R B 27 2] Jr ik ¥ 2 %
T T A R A W s L5 B9 s O 3% RO T 5
(BL/DMS 4%, 2019; XIS 4, 2018; fhR %,
2017; JEEBHE 48, 2018; EHAIZETHELE, 2019).
LA, 7e% BEdE s @ ks, T
WZ A HEA B s He R0 I v

®3 ETEMFRRFRNNELERGS LXEE

Table 3 Hyperspectral image classification algorithms based on crop diseases and pests identification

fEW I iEIN 3 ik IR 22 Uk
- BE5% - 98.90%
fiES B | LR 5 A SAM A :97.23% Mahlein 45,2012
% :61.70%
5 eSS ] A MLP DT ﬁgﬁAm% AbdulridhaZ§,2018
RE WM 82%
K% FURY R 85995 . I Bt 95 A T XA E] MR 2R — Wahabzada 25,2016
Al HREELE AU R a iR/ PLSR-DA .PLSR-SVM YIfEis#] 100% Susit 45,2018
FRAE  FRAS HU MBIy 2T Wik Ak BEEEE MR AR [ERcvEZIEil -1 82.84% ki 45,2018
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(3) g Ho 7 e 35 ™ B2 Ve DG T i JROE AT
TEAEYR HUE S MR i il b, R A TR
R X T FH (RDRS A i 24 S5 A R B
SCo R, AEH R E G R A AT U
HE L, BT RGBSR R E R, W
fRfit T RTRE . RESTANIIE, R LR JUH
B4R B G A oA 2 T [ O 0 3 ™ 1 B A T DA R
THLAR > 3 SR B HO™ A T PSR 1]

T [ A A 3% 7™ R A T R DA U0 Y
o R S T AL AR AR O R R, R T
Ge ity [l H o3 A AT B, SIS R
BT . Tekle % (2015) j@id PLSR, #|J1 DON
TSI T M R e e T AR Y E RS A
MLAF (2017) FHBE AL Bk RFrog (Radom Frog)
F1EH R £ RC (Regression Coefficient) 7F 15 )6
T A v AR OGS T 40 TR A B I 8 R i AR Ak
Wy BE PERURA B, R ] PLSR S B T LI
AL A A B AR AR Y G F R L E B . PLSR mf
DA A 2 5 R [0 05 J5 5 (Kong 45, 2014;
Susi¢ %, 2018; Tekle%:, 2015). BtAh, Fisherk
4 ) 51 43 #F FLDA  (Fisher Linear Discrimination
Analysis) . SVM. Logistic [8] 15 | Z £k 4 [/ 159 |
Dirichlet B4 M5 . Bayes J 531 43 1 25 4R /& % H A9
JE i ST B AL A 7 i (Cao %%, 2015; Huang
4, 2012; Mirik %, 2006; Tekle 5, 2015),

TERE T HLAS 27 >0 1 Hi™ s Ak I Y g 1) I
I H LUK RUE S FH RO AR s, &R
PRSCE T 7 . Mahlein 55 (2012) A1 By
ANV 3 A AR T R = N R DI RO,
2 ORBE 1 0 TR AR L Sl ek SAM 43 R B EE S
BT ESRE I ERG OB AR Y E R,
JERG B RS B 4R v 31 98.90% . [R) B S 1 Xk i S
%, Rumpf%§ (2010) HIF ASD Je 3% {0 5E A [7]
s o B I B AR SO TE R G X e A A
T DT, ANNFISVM 4 3 5 12 (155 5 U3 2
AT R B, X TSR B F R A U 5
EIFAME . E—T4F (2016) 1L %E 2 M
SR HT TR A S G ARRAE LA K R O T A
TEAZ 5 55 A2 BRA AL 8 AR U AR OCHE L i B X FE

TR A AL B 3, AT PLS-
SVM LA S PLS—-DA F4 (8 5046 - 357 7™ i B2 ) 1 43 By
B, AT UL, R T HLER 2 2] 40 20 B O™
flivt b, A S 8 7E DA R4 AR R T
G UL K Br 345 2 oufs BLUR i s Miblas 7> 4y 2k
Dy A, mR, AR YR

FE LA WA T 1) (VR 9 5 S R T R R
BT, A AR AT DL A i B R X R] Y
T, T 22 (AR B R o R R IE R, L
o, MEREE R (SVD) AR AT DL R WeAE Y & A R
KBy Be 1Y 0 4 & J& 48 b5 (Joalland 45, 2017;
Prabhakar 5%, 2011), 2%z E. HErC &
150 24~ SVIE RAEAFRFE Sk, Rk
— 53 SVILELA FLAC A A= Wy 2 il JF Hagad 1
ATEERY R G . SR, Devadas % (2009) KA
SELE RN, B0 SVIA — %E AU RE 1 X 435 bk
(#VE . M REEIRE) MEHEAEY, (IR
FHAEL Ml 43 5 AN ) B 9 9 18 0] 43 AN [ A 95 0 4 0
AP O T, WFSE N B A B X b A B T
e VB , JF 45 G A [A) D A 5000 ) A 4
HERGNFEHC (SDIs) o R Ay A Fle g 8 LA — Pl i
FE 1077 2R M0 A AR G REARAE, X 48 SDT LA
2l SV RE S T ] 5 HRAE A S B4R s 1 3 1 Ak
ST (Vanegas 55, 2018). Zhang %5 (2019¢)
PLAC /NG 2 Rl e i B S RS R BE IR,
& [B] AN %2 %€ #8 ZCISI (InStability Index between
classes) Fl1SAM 3228 M 45 & 1Y 58072 32 UM IR 25
I R 4 A BRUR R, SR O AR DG 4 BT i
668 nm 1417 nm ZbFHAHIC 1Y 22536154545 (DSD) .
i R 95 284 R Lt 45 FRIE S BN AR, 1
FEIFHR I T /N AR U Ak e S rCL, Of
FIH FCLSE L 1 5 T IR 43 5 A s 35 ™ a5 B2 Ak U
XA E I SV, AFFERIEE Y FCL A 20KS B ik 5]
89.80%, fmi it SV i 43 G BE 29%. A, SDI
(A kA Ve L A R Ak 0 T A A
Jr1a) o Iy — L4 A A5 AL A i T ) AR
BER T N B RS i b RAGH THE
Yy e ™ R A A B R O S
S
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Table 4 Spectral indices and spectral disease indices of crop diseases and pests quantitative analysis
ZFR ik & AR JiEERAE T =P
HTorPrak et s, /55
I — b 22 i AE B NDVI = (NIR - Red) 9 LK 30 43T X AT pron LHAMPR  Rouse %, 1973;
T8 (NDVI) (NIR + Red) B RZHH TR [ HEST FTHE %,2017
i
Pt g = g P00 o Haboudane %,
TCARI =3 - -0.2 - Pssol|— EVNUES SV EpOENiA
W3S (TCARI) (P700 P670) (P700 Ps,o)(pﬁm)) FER R F AR 2004
DI =S Ps31 ~ Pso PR B R R (R
PRI = ——— ) Gamon %5, 1997
(PRI) Ps31t T Psyo MR (0 ) 1R b AU
o B RE Hb 8 v 4 RO 2
YN - Puis ~ fiuelas 2 |
;;Z?*ﬁ;@% sip < Lon s BI85 N IR T
00 680 PR
" o e f FER
90 - ; (R Z5
. i |1 SR SE L T | s )

EARE JIR(CE L4 el G A Gamon i
HILT RGRI = -2 T IR 0 0 % HEERE e
(RGRI) Z o Surfus, 1999

jZSOOPj o
VIASEY R (S ARII = R X B e VR BE A T F U Gitelson %5,
1 (ARIL) Psso Proo U 2010a
HKHE MR CR11=L—L X558 e Ve BE I A A S 2 Gitelson %%,
RAGH 1 (CRID) Psio Psso P 2010b
NDVI 9 # B, L3R
#1311 NDVI P50 ~ Pros W A S0, AR i X o A K Gitelson £l
RENDVI = ——— B
(RENDVI) P50t Pos B e SREMEE R Merzlyak , 1994
I R
PANISE Y 5
A AR wst = 2 R F K A Ceccato ¥, 2001
(MSI) Psio
Koy HEJE I
H—Ak LT A8 %L NDIT = (wa ~ Pieso Xof A # e )2 0 7K 438 Ak B Hardisky %,
(NDII) Pso + Prsis) & 1983
)l
) log = log , A
H—fb = HAR B Pisio P16s0 iRy AR MM I -
N NDNI AEE WAEME  Serrano 48,2002
5% (NDNID) ) ( 1 X
log + log
Pisio Pi6so
Paog + Paoto R R ROBE g SR Al-Saddik %%,
R st SDI = -0.5%01770 + ————— — 2 4
AT A TR R L p Pons — P e b C LR 017
5 SEXFIEH R i i B AR
e T _|[Psss Pisos K — MBS Heim%%,2019
TR LAMR p) X (p) AT SRR ’ N
Peos ~ Ps Mahlein %,
S HEH 2 s o tm) P —  EhRRRE .
Peos + P57o) 2013
(9570 - p531) gt A RO, i o RE- Mahlein %,
e e SBRI=-— " 405 — )
TR ST 5L o + p53]) P 704 LIEFF J % i b e HERT 2013
Pso — Ps Mahlein %,
B EU PMI = (; + P —  aEseamm

Psxn t Psss
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(4) 93 HUF A L s R . AAYEY e
HEMPIRMAE, TAEESET iR X
CEUEER, FBEIRT . WX T RO AR YR
e WS A S, R B bR R AT
i85 0 38 3 X5 1 0 /N A B A R 6 5 R
B &4z o Grisham %5 (2010) X A] BEGE AR 1Y 1
S SR H R 7 EAT T T I S 0 U 43
Bro BIFFERI 6 s R G s /W (RT-PCR) £
TN A e 7™ R, I3 2o 0 550 2 B B A A TR
ARZRAEQIAE LS, X 35 A6 I i) e A0 B8 P 38 3]
73%. BHFFRERIEEA RS, HA R
T G R AR TETCE R W - A AT B . Delalieux
S5 (2007) 3 LF 434 S S AR 38 i R B A B
- FEAS TR B A B S T AR AE AR 4k, R Logistic 1]
IH LK PLS-LDA J7 9% 52 8 1 A0 BE ik, I o
2R 5 1375—1750 nm ) & 2200—2500 nm 563
70 Bl RE 98 70 i 4 e ) 30 S0 B 35 AR, g el
TG B Y 580—660 nm L K 685—715 nm A] LL7E
1R 3 8] I 52 B = kG B o i U . Oerke
S (2016) TR R FE AR 1 4 T OGS
AT T RIS . AAT] 2 IR A R 3
Jn, f B R R AZ S i R 2 ) Y 25 R
A T 9 45 1 615 B B 2 3G . 400 nm
1400 nm. 1900 nm AJ T L BARGI 5 £1 30 i 4 AT
FHT RN S 565 8.5 KAV AL ; 500—700 nm 2,
Al F MG 5 9.5 KRG Mgk . VLA 4
(2019) DJ3d 3 3 T = oG5 R A CNN AR RS, St
TR G AE MR 0 B PO A I S S5 R U B
MR, R R ISR R ST VR L R A
AHIE AR A B ks BE AR B, (AR %7
] A9 AE N FHBE T E A3 2ESE . eAh, Moshou
S (2005) I A 6 B o e s B s,
QDA SZHL T /INFZ S50 () A S ARG, T) s A L
FEREIR 3 95.4% , JLt T4 5 HH s ik S 9t
P RS B2 . AT UL, BE T O B H Ath i SR T B
(. RLLHNE) FAZEA R B F ToRE R R
LT G5 e ALET , JEBUS T8 IRCR
4 TR I R AEAE Y e R A
b Bk R e R

T T EEE S T Y AR e R e G 1
RN B SR AR, ATLA R B BARTEAR
Z O E WA TR, BARmIG 2 T

AT Bk, IR AR B L DR AL AR R TS, LA
JE R G EAAE VR L IR 1 e BT o
(1) B A AARLAE R FAE B A [R] 5 HL 308 1 17
A T 2 0T N L STME AL . sl i AT iR 2B, 5
HAb IR T35 (RGBAUAR . 2036 s . 44
AR . POLIRSE) ML, moLIEEE R AL
EESETE AR, SRR P R DI B R AT A AU
ARFAE AN R 1L 3 K i U (DR R AT RE . Ak
PrIE A, AR — B2 2N ACE MG, 5ok
VEVIAR B RAPHLHI B — RIS o X — i &
BRI, KRBy BRI . R TUE |
Bk AR . 2 HRE WL RE RN E R SR R R AL
JIT A7 ik s AR A 5 2 5 M AR (BUE )2
MR BOEIERRIE . SR, FEVF 2 B i I
BT AR IFE R S A RO AR R R
Al LG R AU AER , X el RE T2 “FE AT
G S o LA, AR RRAE A AL TEE A
AU o IR E R E R, AREYIE (F 5
FeoririaAE) o HREREE CRFEAE . Ot =X
MEREAE) . FARKYMII R (W, it 414
). BECFAmERE (A Plak, L= 5F)
HFEMNRE AR T —E RN RE, XLy
SRR E RSB TR R T B
TEIEORAEIENE | 8] B 25 6] 73 94 34> D7 ]
A AN AR R D A () T A TR L T A
AT, —JrHEC TR LI E B AN R L
VCRCRE, [A)IS I BR AR IR AR OS2 R, FRAT K 4L
Py B, R AR E NUE W
F 5 3 30 240 10 45 4 B I S O 22 5 55 — T i,
BT IANL. BN FEHARB AW K, e
ROBEEA Rl R R, al DI AS [R]
EHEYEAS AR, RS WA R AN [
T U S B Bk OGN A i 52 Bt — 25 14 26
YU BeAh, e KRR AR A 2 S 1 e T vk
AW, (AT AN [ R 3 A IR B X 3 A
TRE, N, BOERLSORTEE B HE— A AR s N R
R HE X RE TR . LA L B, AT
— DT MIBEST, P KR T AL B AT
PG, ISR RO, B AR [l o 3 ) 2 s 2 o
R PR AR R R — A AR v U 3 M R Y
AR, TEENERUE RS )E , RDLIEE B BUE
S5 B R B HLB AT R TR R BRI R
IR RS ot 35 M 0 SR AL RS TR iy A s 4 A4
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P o BLAL, AT o) SR AE G 1 R
D7 T (AW IR A K R, B o 4 1) ST D S 4
o) EREIL B, R EA AR R AR AR
s MRS B RO SR AL T T B T REE .

(2) GG+ ARG 76 9 B R I & B iR
TR EOCEEAE o 32 1B BRI AT Al & R T
PR PR, 38 R R Y 3 N — TS R A R
WFGE RN 5K S R 2 0. BARIT Aok, R4,
ARAEARME AR 4538 ) v ¥ )iz, BAE AR
TR A P X 18 IERE R, AR R AR R
R N Z AR SE B A R R e, T
YEW i H0E 0 By i TR 98 R R B ) iz
M2y, fEfEYA KR — B R AR, K
[H % £ 0 Bt 25 AT B 9 6. SR, A 25k
2R P TR LR AR PR AN SR
BEARFBINEM . A, 7 55 it 2 LA KA
b e SO N TR Sl P S R L P SN
i BE e e B, FEMEYIRE HUE iR TR
HOLHEE, MF, FEERN+RIKERT,
VAR S 1R 93l B2 A DG Y APPs EE B R, FR2E
T 2o ) 245 12 g D ()9 R R AR R, EAT IR
ST 0 2 o L A R R4 Stz . X — i
R S A TR ZE R B ) FUR L W e
HUEREAR IS A BEHEA T A AR U, IR AN BE M
FRAS b S BLIB A o

HAET, —Jrif, SoGigoR R %201k
FROE TR T VR R RO RE 1, BAR
ZHASAETE S5 % MBI B, (RO 45 i A
BEE LA, HE L2 & mE & KHA
55 Ko SEBR I FH 7 B8 AR T, ELUB RE 1) BB
BLRENE Sy Je S (I AR B S # T J H AEA A
F—r i, VIS-SWIRGIE RS . dOLMM AL
SAR. LiDAR, #:ZME G . X GFL &I A5
2 A B ZR G AR AR s R W IR0 1 4 56 R
Ol HE&GS HMA MRS, ERKibk
VER RS RS2 3P R T, s s fk
Yy B % SN TR B W, R R
ARG . LN ERARPRER, v F H 2%
I B RET AN AR XS F A5G 15 B U, 4y
BT 6 9 HL T X0 AR B A B 7 A= Jiih A SRAE T 5 R Y A
NABE AL, DTS2 BLAE s L 9 A
ISR VE P L ARG IV ) N — it
I T N (L B sl (A R TR R0/

YT a6 NI NG ST 3 & IV ES
T A B W B AR 25 A TR R, R R
ik 12 J g ARG I PRI AR L D B ACAH S A
Br, RGN HE AR B B 2 IR
55 Z2 R Rl A 52 I HR R T 4 B E A
Ao, AT AEY e O3 A A T T K B2 By
B SREAAE

(3) BT AR “BE—2—W" HKaNHTG
DA 2 s 3 KRR S A B RO 75k . B
A, 2 T G R R B9 AE P o3 WS E S A 5
FHEAE PR E | RS R, R
ARFE KR [ 8B R R 1t 5 0 A v Y
HFERET 208 (W TRERR) . &
T 0 52 2 MR PR 9 3R 05, 2201 45 e AR w52 91
AN TRAVED LA B () H 3 i U0 o e Dl i e Je g
At BRI AR B S 1 A o B RT3 B BRI . 3xX
PG LU T, e A IR BoR SR, S E A
JEE P L RN JRE A T R 1) R 0 R i Sy R R i
TR 7 A

TEY TR 2L s & el 5, M A
KPR LA | B AUE IR R | B A b = s
IR AR SR H R, VIR T A S
WAl . AR IR R, 38 LR A K
RV A S WAL T RTRE L BEAS S A M
T E R NS TR, HAe— e B [k
o TIRB AR TCHIAEAE , DT B 55 HL 3 RRAE 5] 3%
MR YE . Az S IE AWLE R G B 1R
Ji&, N R A T TR DA F ) R S e E RUBE
JE g P B IR AR MO KRR, BB A% S B
HEZ R KH R DX 20 W I R A i
AT, T M i as s ot i gy & g X AR
g H R W PR AR S 0 DL, i s
N A A BR824, i SR b T B s R
TR TGS R T R, e ROBE e | B
alA . B2 Al A SEEIS R S, i sl IX
W, BRI EERNE E, sty S ke &
BOrm . XFENLT, BRI B A S
FLA R LIRS 2, IR “R—a—”
1 G B — AR AL U R F & SE A s T e . H
HIE, B2 i AL SR T AR DA U X A B
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Abstract: The changes in global climate and the accelerated development of trade have continuously expanded the distributions, host
ranges, and impacts of crop diseases and pests. They have become one of the most important threatening factors of crop quality, yield, and
food safety in the whole process of agricultural production. The monitoring and identification of crop diseases and pests are always based on
visual inspection. However, the artificial-based method is time and labor consuming, and the survey results cannot satisfy the requirements
of large area and exact analysis. Biological and chemical-related professional bacteria detection method is also costly and unsuitable for
promotion in farmers. Remote sensing, which is a typical non-invasive method, provides reliable and precise technical support for real-time
and large-scale monitoring of crop diseases and pests in recent decades. Each remote sensing system, such as visible and near-infrared
spectral sensors, fluorescence and thermal sensors, and synthetic aperture radar and light detection and ranging system, has its own
characteristics and maturity in detecting and monitoring plant diseases and pests. Hyperspectral remote sensing technology can easily,
quickly, non-destructively, and accurately assess information of diseases and pests, including type identification, detection, mapping, and
severity and loss assessment, because of its continuous narrow waveband characteristics.

The occurrence of crop diseases and pests is a dynamic and complex process. On the one hand, crop diseases and pests are often caused
by more than one causal agent, and each has different symptoms. On the other hand, host plant pathogen and pest interaction is a complex
dynamic process with changes in various physiological and biochemical parameters. The two main aspects make the application of
hyperspectral technology in the monitoring of diseases and pests particularly prominent because it can cover a spectral range of up to 350—
2500 nm and can yield a narrow spectral resolution of less than 10 nm. These characteristics are suitable not only for disease differentiation
based on slight differences but also for monitoring and analysis of dynamic disease processes. This extra information will provide additional
benefits for plant disease detection, especially for detection during the latency period when symptoms are invisible to the human eye.

This review first describes the basic principles of hyperspectral remote sensing and introduces the investigating mechanism of crop
diseases and pests. On the basis of bibliometric analysis on the hyperspectral remote sensing-based monitoring of crop diseases and pests
and detection literature from WOS and CNKI, four main research directions are summarized: identification of diseases and pest and healthy
crops, classification of different diseases and pests, quantitative analysis of severity, and early asymptomatic detection. Then, we review the
main development of related technologies and research status in detail. Finally, three major challenges are put forward on the basis of the
abovementioned summary on technologies, developments, advantages, and disadvantages of monitoring of crop diseases and pests. This
review proves that the establishment of standard spectral library of crop diseases and pests on different scales, the improvement of satellite
hyperspectral sensors, and the construction of the integrated monitoring platform will be the key points to applying hyperspectral remote
sensing technology.

Key words: remote sensing, crop diseases and pests, hyperspectral remote sensing, monitoring and identification, future prospects
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