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Hyperspectral Remote Sensing of Crop Information Based on Machine Learning
Algorithm: State of the Art and Beyond

ZHAO Jin-long, ZHANG Xue-yi, LI Yang
(Key Laboratory for Meteorological Disaster Monitoring and Early Warning and Risk Management of Characteristic Agriculture in Arid
Regions, CMA/ Ningxia Key Lab of Meteorological Disaster Prevention and Reduction/ Ningxia Institute of Meteorological Sciences,
Yinchuan 750002, China)
Abstract: Machine learning, as a new technique combining statistics and computer science, has been widely used in
crop information acquisition tasks in recent years. Traditional methods for obtaining crop information mainly rely
on chemical detection methods, which is time-consuming and labor-intensive. Based on machine learning
algorithms and hyperspectral remote sensing techniques, crop appearance and internal physical and chemical
parameters can be quickly sensed in a non-destructive way, which has obvious application advantages and
development prospects. First, the researches related to the hyperspectral remote sensing of crop information were
systematically reviewed in this paper. Second, the application, advantages and disadvantages and uncertainties
of different machine learning algorithms in hyperspectral sensing crop information were summarized. Finally, it
was pointed out that the future development trends of hyperspectral sensing crop information were as follows:
(1) complementary crop information acquisition methods could be realized through multi-source remote sensing
collaborative observations. (2) The assimilation technologies of hyperspectral remote sensing and crop model as well

as the deep integration technologies of hyperspectral remote sensing and artificial intelligence could be developed.
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(3) The intelligent acquisition of key information oriented to the whole growth period of crops and decision-making

could be realized.

Key words: Machine learning; Deep learning; Partial least squares; Crops; Hyperspectral remote sensing

N AR B Tk B RIE & i A8 7R
et i, b, AERRH S IREY S B, X
EVIRK AWM. KIEEHE, BFARAEFEESS
Wil . G MEYE BRI 203 2% A AL 224
%, ME IR K. B, ikt 2 RHEE I
AN TMEAT A F 532 (0 TR 2 —P, 544007
EML, EIE AR A RIE . TS B
W G H R R T 3R BUE Y i B S 5T A
e R IEWAE 20 tHAT 60, 70 AEAREY, A AL
K, BEEMFETTEZENARE, SR ARNE 2
R, ZEE. 2 PERRESH. TP
FVEAN e B AR RN E A SR AR T A
o,

BLES 2 ) Bk B & s R A BE v 4 500 5 TR
HARMIEE ST, RetS A AU = e T e s, Sk
IR BE A s B AR B, Ve s B Eoe i & o
S BILES 2 ) Bk EEAFE R AR 5 KW M. &
U NE B [ (SR). fhif/ —3&iE (PLS)
FEXT B, BT A Y AT R Pt L . AR AL AR 5 )
SRS R A EAL (SVMD). BT (XGBoost)
PLESES Z AR —22 3] 2831 Stacking 5 A%2% ~)
SEEAE A PR AR 2 0] 7 AR S B 2 . IR BE 2 o) =2
)R 2 e b At R T 1 I 1 2 E B T E O N
B — e A2 FE AR UAE YIS S S s A PR (1) /N
ZNIETR T i SN Sy N R (T kK s RO e s D 1 =
FeWp sty B A SRR .

U FE T WA 2 ) Bk s e vl AR e B A
Y OIS S SN =S 5 A N Y
B a0 g de= M sEhphiat™ Ko
O T S AR R R, R, BE B SEILELIE
PIVEYIE B Re e — EBE B . ASCLL Web of
Science 1% 0 A1 H [ 1R AT it TFE (CNKIDD A
ST AF SR R R AR PIAE I, 15 6 1 18 SR 5 SRk
FESH, XHARHAMPLE Y I 5ET 250
PR, $ZMIRA&M WIF 6. Joilk EdE it 2
T7F B B B VE A A I v 5 T TH S
LRGN I BRI e T, R Rk K
JRas AT IRE, B RNEYE B R AR K

RIBRAR S
1 SXERMEYMEERHEEPES
1.1 RS MEAEEER

/b3 (OLS) & —Fa b iR, Jmid
s/ MR ZEE 7 SR B B B R BT . 7EAE
YrEeiE e, OLS ARG T HA otk 4k
ORI (11 N € 23115 WA (= (3 A
BB AL, () ESRBUEM R, AR, KOS
B, wELM. rEECEERE. HMBAETHE
AR fE B, AT MRRE o, (R fbtERE— M. &
BLRIAERT B — A B A R BRI B, (X 4k
B I R R R AR D2

B [V — Pl B A8 B 2 TR A DG 1
W7, S 51NN R A B A P, AT
PLSRIS RS & BB A NI “/seft” BIETE,
i T RN A A S R BUE A RIS
FA S B o i B, e T SRR B R R Xk
P B GRS B R AR B Y

Pt /N 3Rk A — Bl 3 E G U RO R S RRE
W) & (0 T OERY . 5 A BRI G RE A %
PEHIMLES 24 S BRI, PLS AV B EdE, o
HiEH TR EHUD T B &% 5 PLS &AL
R B LI AR B4 (ONLVs) . Lhan AAHXS
PR ZE B/ JE R EY 5~8 4~ ONLVs 4%,
AL PRAL BT ot 5 RS A R S T B TR A
(Ca. Cu. Fe. K. Mg. Mn) &M%, %A
10 #7158 XAG W21 L 2~ 18 A~ ONLVs G, 7] fiti i
KEARF ALK B S5,

SR, M EBRSHRZ TG RN, PLS If
AE S BE RIS B A AL . 7F PLS FE At _F 38 H A9 X 18] PLS
(iPLS) ¥, Beig R HUBUR BL, WK R E RS
(I SR B PLS BE#F%). R PLS (SPLS) /& —
FhIET PLS JEEE 57 FH s AL 43¢ A inl B 14
Tk, WK IR B (R 0 v A ek o e P
1.2 EZHEEFIBEERNRAESHHEA

TR ENE R R ERSIEI A 5
PLS #HLL, SVM X T GREMAMEN A S &2, M
EASE. TYREMMSEIREEFED, % 5 w2



11

R IEEE: HLas 5 ) FAAE RO RN PEYIE 12 b 1 N R e 2

* 1059 -

NG5 SVM AH G5 46 2 1) SCRe 1) EEATLIC A 91
B (C-SVR) REBSHER M SE R T R R 5
Eb PLS M FrAERIH (SVR) KiEIRE 3.8%~
4.0%, FF RN R FEENL (LSSVM) #y#
IR R BR AR SR S R S A A, B
RIS LL PLS B AT R,

B2 > A] LB AR AR o A AR R 2
PR m R AL AT P ). AR M A B
PLAM (RF). XGBoost I Stacking %6, 2T RF %
TR ST AR A AR A R AR S SRR L 2
BRI 5L, WA THEMNZ (ANND., [FE#
(RT). £82ER (BaT). H5&M (BoT). SVM FlfH
Pt FEEE (GPR) B (ks D), 1 XGBoost 1E
WG S% T LR EE, FREREE
H A 3 3 1R G 23 AR IR0 A RR AR EAT U 2R, X
KON RS B R E 4D, Stacking HL i
TO 2] AR R 2 ST AR I A RO SR,

MePRE ML (ELMD & — K E A BEHLAT4a 1
NASUER i 22 14 B8R 2 A IS 0 R 2%, HL i R AL
ER SRS R Vel E P N B b3
PRATZAALVERESF IR0 o (BT ELM 1) H AR i/
R %, BILTT it S BORAS LA, i IE
AR R 2 201 (RELMD 8 51N IENE S H g2/ 7
Al 2, IR IE MR BR 2% SIHL (WRELMD g%
25 B 55 5 A 5 2 W B ORI B
15 500 i L Sl 2 e e ), B 40 N B s e
FARLRPERFAE A TA), A s R HORT LS B AR
FE o Lk B5 2R 3L ReLU (W IE(E 584> 55 Tanh 1)
TAE 45 G, MBI EEE K% TanhRe, fEH
R v WRELM 50 o 2] 4] ¢ SR 7™ 5 AT o 1 4t 0
LA
1.3 REFIEZXERIESPHEA

o G WS R AE 200 1Bl U 55 W 70 AR
® 1R, BEL, ARGZ R AR

AR FRAT B B D BEAT 455, EE AR FREMSIE SRR SR, A E. RS
B — B B T P £ R RILEAFEIECR o
R1 SRERMEYEENEIFESHARER
Table 1 Research on regression task of hyperspectral sensing crop information
TR 7 ik EMER FAREE 11 it SCHR
Crop type Method Crop information Technical characteristic Precision(%) Reference
W% Grape OLS S FLFE Stomatal PAUH—0ZE F A HEEL NDSI(Reos,Rsss) 8 37 11— 628 14 [ I A5 1Y L 72 [16]
conductance PLS F5E#Em 5.88%The precision of unary linear regression model
established with normalized difference spectral index NDSI(Reo3, Rsss)
was 5.88% higher than that of PLS
7K #& Rice OLS  J#H& Yield DA EG 1B 3 i 4 RST(Roz0,Re00) 57 1) 1% 22 T BB AE FEANAS AR Ry 77.8~89.3 [18]
E NS 508 The quadratic polynomial model based on the ratio spectral
index RSI(Rgz, Reoo) had the best precision under the damage of
Cnaphalocrocis medinalis
JKT# Rice OLS M43 Chlorophyll UL NDSI(Rygo,Res0) 2 IR MR MAE PGSO E TS ZMT £ 0 72 [19]
%25 [ A4 The precision of index model based on NDSI(R790, Rez0)
was better than that of multiple stepwise regression model under the
damage of Cnaphalocrocis medinalis
KNFz OLS  MW-ZEFE & Chlorophyll LA Do V. F 7 bR A B /R AR B 38 8 B2 5t The precision of the 69.4 [20]
Winter wheat power function model established by Degys was the best under low
temperature stress
PN SR 4% 3 & & Chlorophyll  ff & o't 1 A1 2 (8] 5 S5 (458 RS R bE A P Ol o A A1E 1O Y 92 91 [22]
Soybean 30%~45%The precision of the model combining spectral and spatial
information was 30%-45% higher than that of the model using only
spectral features
LE SR -2 3K & & Chlorophyll UL Ryarv Rgoos Drigs Doos AU BUE L AR 7R v 301w dlt 2 1 T A 84.3 [24]
Strawberry JE 4t The model with R747, Rgoo, D716 and Dogg as sensitive bands had

the best precision under high temperature stress in seedling stage
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Crop type Method Crop information Technical characteristic Precision(%) Reference
L% PLS AR NOs-N. M 4% AHECT OLS H%,PLS HETEAT A MGk & By, Al W—r2roh. 4 68~82 [91
Potato MR REFE WO BX YR FRE R Compared with OLS, PLS
Petiole NOs-N, leaf total showed more stable effect in the full-range, visible-near infrared and short
nitrogen, plant total wave infrared bands of aircraft hyperspectral imagery
nitrogen, tuber yield
N PLS 4k F 5 & Chlorophyll  PAMF£R FEFE L CI(Rga0,Rs50)+ CI(Rs30,Rs53)+ CI(Rs40,Rs53)F1 CI(Rs36,Rs53) 74 [44]
Spring wheat F R BORE B2 552 The CI(Rsao, Rsso), CI(Rszo, Rsss), CI(Rsao, Rssz), and
CI(Rs36, Rss3) had the highest modeling precision
FK Maize PLS  WEREEHE. AEE.  UNIEsuiEBaR A YRS B AL MY R S HU IR RS R T A% 69~83 [45]
) & ¥ % Chlorophyll, ZifEHHEHIMER The precision of crop key parameters inversion model
nitrogen, photosynthetic driven by airborne hyperspectral data was better than that of traditional
rate radiation transfer model
ke PLS 4¢3 % & Chlorophyll I JE AMLEDGIEHURDL BERI PLS 7 [F A 5 7 2 HH A B 2548 4 69~85 [46]
Potato HIKS BEAR T SR\SVM.RF 7% The precision of the model established by
using the UAV hyperspectral sensitive bands and PLS was better than that
of SR, SVM and RF in bud stage and tuber growth stage
7K F Rice BRR % Yield T R MR EA(SVR) AT PLS, JU- 174 [B] 5 (BRR) H 1% 1 4R 5 94 [47]
% Compared with support vector regression (SVR) and PLS, Bayesian
ridge regression (BRR) had better effect
W% Grape GBM  H7K#4 Leaf water PL NDSI(Rs61,R554)~ RSI(Rogo,Ro70)~ RSTI(D730,D706) NAFAEAE 2,5 b £ 80 [48]
potential TG & B EEAE 4 (B-MARS) | SRR R(GAM) [ 3T+ ENE
BEALGBM). DU U7 1E U {6322 9 4 (BRNN) Cubist [FI19, ) S 4kt
BAY(GLM). RF. SVM. PLS HyEaIFEACE, H L GBM i Using
NDSI(Rs61, Rssa), RSI(Rogo, Ro70), and RSI(D730, D7gs) as variables, the
bagged multivariate adaptive regression splines (B-MARS), generalized
additive models (GAM), generalized boosted models (GBM), bayesian
regularized neural networks (BRNN), cubist regression, generalized linear
models (GLM), RF, SVM, and PLS were compared, and GBM was the
best
KINE XGBoost k4% Plant total SR A 2 XGBoost AT S EURAM, M E T A 76 [37]
Winter wheat nitrogen ML 63 B A [F) 3918 ) 264 7 B RO 0 B TR B The
Bayesian optimization algorithm was used to optimize the
hyperparameters of XGBoost, and the inversion model of total nitrogen
content at field scale under different soil fertility conditions was
constructed based on UAV hyperspectral data
KN Stacking 7*iE Yield BL ANN. GPR. £ CZ&MEEIIH(MLR). RF. WEEIHRR)M SVM N 43.3~67.5 [38]
Winter wheat )88, DL MLR NI o) 28 H T I BE A ST T e i SRS L s — 5
VAT = RS FE Based on ANN, GPR, multiple linear regression (MLR),
RF, ridge regression (RR) and SVM, the integrated learning model
established with MLR as the meta-learner could obtain higher precision
than single algorithm
KN KNN I FRFE 2 Leaf area T =BG R E(D714-Daoo)/(Daoo-Dioo1) 5 K I AR FHVE(KNN) ) 89 [49]

Winter wheat

index

R FEEAE T ANN F1 SVR 5i% Modeling precision based on three-band
spectral index (D714-Dago)/(Dago-Dioo1) and k-nearest neighbor (KNN) was
superior to ANN and SVR
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Crop type Method Crop information Technical characteristic Precision(%) Reference
7K Rice DF  MAEEE Leaf T/ Al SO R G — B 5 O S — R R B AR AR (DF) 91.9 [50]
nitrogen R, KERT 22 BA%(MLP). RF 1 SVM £ A novel deep forest
(DF) model based on the first derivative of a small amount of full-range
spectral reflectance was developed with better precision than the
multi-layer perceptron (MLP), RF and SVM
HH# Citrus CNN W55 7KE Leaf I FHABURR e B4 B B B I 24 S (CNIN) B 2 BEE FE LL SR PLS. 94.7 [51]

moisture

RF # 10.36% ~ 54.59%Compared with SVR, PLS and RF, the
modeling precision of sensitive bands combined with convolutional neural

networks (CNN) was improved by 10.36%—54.59%

e =g BEx100; H— 12 RGEEH NDSI|, j) = (-)/(+), HEDEESEE RSIG, j) =i, MEEIEECIG ) =G5

H iy jRoRpEK, BA08 nm: R FREEGERNE, D RREEGERFRN— S8, FAarBTRREK.

Note: The precision means that the coefficient of determination (R?) is expanded by 100 times. The normalized difference spectral index
NDSI(, j) = (i-j)/(i+j), the ratio spectral index RSI(, j) = i/j, and the chlorophyll index CI(i, j) = (i ' ") j, where i and j represent the
wavelength, and the unit is nm. R represents the original spectral reflectance, D represents the first derivative of the original spectral

reflectance, and the subscript with number represents the wavelength.

AESR, TRBE 5 2 HARTE A Ak 43 21 P &
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KAGRHEIZMES (LSTM) FlIB AL /4% (CNN)
TN e e SR IR AT B g B A = g R
245 (3D-CNND it fi% [|] i 35 i i 5 1 25 1)
REAEFI GG RRAE . H S BERI IR 4R LR, S 40

B RIRECEIN, A5 FBEAE A A AR
. MR YIXAN R, Torres-Tello 2Pl 4l it
Ix1 38 m G B G Tl a0 PR 4, R IR
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L2 MZE (BILSTMD 124GIE AR AT /51K R,
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FNSZ IR 538 1 AR A
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Table 2 Comparison between deep learning and traditional algorithm in regression task

L S50k

Deep learning algorithm

1G5k

Traditional algorithm

i3 Advantage

A2 Disadvantage

LABE ARG B v, 12 AL ik 7 58, A U A ATE R 75 The model
has higher accuracy, stronger generalization ability and better
portability

2T BN TRETHRFE, B 2% B B2 408 e 1l A AL A 45 25 ()
FFEFIE /1 Without manual feature design, it has the ability to
automatically mine spectral features and image spatial features
3B L3 2 S MR RS ) ZE SR The model meets the
requirement of real-time detection

LR EREMUIZFEA A large number of training samples are
required

2 BTN ZR I BT AU E 7 B 225K The model training
stage has higher requirements for computer hardware

3.5k Z B X M B 2 B R A B A A Bl S SR R
Lack of data enhancement techniques for small sample datasets
such as physical and chemical parameters

4 15812 5 4% The model parameters are complex

1A B R AE AR 5 5 /b TT /B 4 5% The model has fewer
characteristic variables and stronger interpretability

2 AU BN R 0 B 2 B0 B A8 R AR L Sensitive
bands can indicate the physical and chemical parameters of
crops

3R TRV B S B S MME B 13 SR B ROREUF The
model is better for the situation with few measured physical and
chemical parameters

1AL H B AT L2 M 1) B 0 25080 i BOR R, B R 2 MO TR
BEAR & 2 [B] AR ST ) Dealing with data with collinearity
problems is not effective because most models assume that
variables are independent of each other

2. % B AN A8 AR e i Y6 B £ 5, AR B % 23 TD 40079 1 2 )
B SCE BRI A EE A A X AR R 2 Most
models only use spectral information of pixels without spatial
details, while spatial context information is an important
supplement to spectral features and is also important for

modeling




* 1062 -

hoE Ok M AR

44 3

ZAES 2] (MTL) & —Fi TR rIpLEs 2 15
AR, 8 RIS 2 [ PR AEAR MR & 5 ) 2
AMEF LI A BE, TEIREE S IR N 2.
TR ME S #RAE N EAME S5 (A e 22, fdE A 455
RIReS A S ANE RS, FafdEtE s sR. RN, 7E%:2]
F AT 45wt ot % LA S M B AT S B RHs 44 5%
Feng %5PYFI I 2 i HITE A WL e i 5, #43EF
LSTM K718 =5 ANN FESFE 245 Gt 17—
FBr () 2 AT 25 2 S B, SEBL T X ERAEE HE 1)
HER VTR -

2 BRIEBRIMEMEEFHIEES
2.1 RELEMSXEEERE

LRPERN M (LDA) A5 R F AR AE i 2 M 41
HAER o FEhRUE, WG R N i 4 2 [ 5 B 4
], [ EF if OR A S AN RIS N 7 28/ KA
T 2R, T HAE B AR A RURRE $i s /D 1 2 1 o
Ko TEVIERGYRE, 251k Ras g SRR AL,
T AT AR B ALAS 2 ) SRR SRR, SR A
[ ™ B R A3 b RORIBAE R IR IO K
L

fRfse/ D ek FI 5] 431 (PLS-LDA) A& — il
ok g AR 2 R TU A B 4 TE E AR B R X 4
EAERAE T, RERE PR e EO R KPR
3R TS BT, AE AL ER/INRE AR 2 5 L LR M )
U5 T B AP i SRS i i A i AN
B AE T ST/ N FE R S L,

22 FBEHBIFIBEETLESHHNA

SVM % B H i R IR T EEZ —, fEffR
ANBEAR L AR AN v 4 B 4 ) R AR . SVM
TR ) SR BRI A & AL PR . R R A% R B
MR FRREZRE (RBF). 2% K%L
Al Sigmoid k%, H, J:T RBF K1) SVM
B R TR I o s 0L, MR s e R ) O
RO

RF & DAY g J 5 5] 38 (M 3 B2 o 32,
BA D RUEHE S A5 E%5Mm%H . XGBoost
55 RF B DX AE T 587 A2 K I R4 T 2 AR 32 L 11
A BRI, T AT LAJk 2> J 4 3% AR Hh = A 1
e, BA®mM. RIGHAT AN . 7 Stacking
e S R RE I 3R L e — oy R AR T I I I 5

. Hhn bl RF SR IT & 14 il 2) R T il
AR TR 4 7 BRKSE, 54U RFL SVM.L ANN
RS RIAR L, K5 BE 2 Al = 16.55% . 18.43% A
35.74% %,

BP £/ %% (BPNN) A& —FR T Z KL%
SOVEVE, MTFZ EEEERNANE TR, X
ZIuHr N 3 W, BIEINE. B E Mg 2.
E SR FE, W2 nT AR 73 98 1 72 R B A
A BN 5 R S TR B bR . T
TSP DA B O A AR A B
HERRAR AT, B R B0 e E A R o R 2 4 A )
TH/2 BPNN ZEAR 1) G
23 REFIBEZESLESZSHHNA

G RS R Y15 S o 2T S5 WF SRR
£ 3 Fim. kL, RGERMESREILANLE %]
SEVFAEAEY I L FE R 5 THI 38 B AN R

ARG B RGBS AT 4, MARS
I BRI TR B 2 2 5% CNN. CNN & A5
AR EN AL TR TR R AR E A2 N 4%, BT H Bhik
HOCEHE A3k 2 IR 2 U E , 52 G A oy
BEL P RMEL ST AR 4 B . AlexNet fl5% 2=
I} 2% (ResNet) #& CNN [FJ S . 2012 - AlexNet
— S HE NG T IR A ST G, BT
AlexNet 5 1467.38nm P K Ab itk B G @ A8, AT sk
BUARAE AN R AL KK P2 R o . e Y,
ResNet & H— RFNTRZEL (E B 7 F1ik 2 35
a5 M. BRZESIAE R B L oS U AL
B 1k MR 25384k . 7E ResNet (R3EAl_F 3@ i k) k0 2% o 7%
InsebrEE (BND FREHLRTEZ (Dropout) $2H
() — T (1) — 4 IR BSR4 N 2% (IDCNND A 5K
YLK ARG IR 108 RO, Lefe Sl a8 2% o) Sk
(SVM. ELM) FEE#RE 3.04%~6.91%"1, tHigT
fe4 SVM Bk, Z RE =45 M E W%
(MS-3DCNN) i 5 1 B RRFAE A2 4 g 70 S 52,
ST VLTSN T R % 5. K ONN 5
ZZEAEE (MLP) FH45 &4 H M —F 2N RE
SRR, RSB AN DR R %, R —
FRE AL SN S 24 S B9d GBI, Peskmt. K
AR, AN UM, SVML RF) R IR
9.58%~71.62%"°,
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Table 3 Research on classification task of hyperspectral sensing crop information
GBS Jrik: FEMER HRFRE A1 K SCHR
Crop type Method Crop information Technical characteristic Precision(%) Reference
KE LDA MR 4B W Leaf  SRAZE—. 3 Wiyt B 6 vtk B I 45, 7551 32 A0 (a1 )3 i U RBURK 82.51 [55]
Soybean rust B The first and second principal components were used to compress
the original spectral data, and then the sensitive bands were selected by
stepwise regression to establish the model
T2k Maize LDA, SRIEH R Dwarf  FUHRACHIBIE LS & LDA 8L SVM SyEE R Z % % The model 100 [56]
SVM mosaic based on the optimal vegetation index combined with LDA or SVM
algorithm had higher precision
/N Wheat  PLS-LDA  E#} )l Powdery  FET/NERHMEASCERHE E A5 B2 58 57 The model based on wavelet and 81.17 [66]
mildew texture features had higher precision
ey PLS-LDA & A . il I SIIEAE LGN 80%F1 20% B ALK £ it When the ratio of 79~89 [15]
Pomegranate Variety, salt stress  training set to validation set was 80% and 20%, the precision of the model
was optimal
/NFE Wheat  PLS-LDA  FAM i Powdery RHIZ—. . =X RS0 R GG CHE B, 100 F i & Sl Bom g 91.4 [59]
mildew PRAFAE (2035 224K The first, second and third principal components were
used to compress the original spectral data, and then the data fused with
sensitive bands and texture features was used for modeling
S SVM FEAE Maturity BT AL FE(GA) SR IUBUR B BE 45 & SVM 4 L BPNN A $E 95.28 [60]
Tobacco leaf 3.35%Based on genetic algorithm (GA) extraction of sensitive bands
combined with SVM modeling, the precision was 3.35% higher than BPNN
HH Citrus SVM BE . BRERL RIS B — I 34,3 T RBF 40T SVM 8 L RF K5FE 95.98 [61]
LR . KRR 47 4.99%Using the first derivative of the full-range band, SVM modeling
Canker, herbicide, based on RBF kernel function improved the precision by 4.99% compared
starscream, soot with RF
W% Grape RF, Ky Wi Water 25T XGBoost 193 25 11 RF [ 3545 B T B (MDA) PR EUBUR DL B L. 80.0~83.3 [17]
XGBoost  stress A B RE FE SRR 1.7%~5.5%The precision of sensitive bands
modeling based on XGBoost gain and RF mean decrease accuracy (MDA)
was 1.7%-5.5% higher than that of full-range band model
M Citrus  XGBoost ¥ JEJi PRE —Ph L T R R 23 3 M (ECA) RSO I Bk 77 7%, X0 EL 3248 [m] 95 [67]
Huanglongbing JH(LR). SVM. RF. 5| §EHKHEE(Bagging). %8 H % (Adaboost).
XGBoost FBEHR, HH XGBoost ffe e M i, 7T F T W RIS B A
ER 2 6% X A sensitive band optimization method based on exemplar
component analysis (ECA) was proposed, and the precision of logistic
regression (LR), SVM, RF, Bagging, Adaboost and XGBoost were
compared. Among them, XGBoost had the best stability and could be used
to develop low cost multi-spectrometer for disease detection
FE/R¥IER  Stacking  EBENT Black spot  BA KNN.LSSVM I RF Jy3t2: 3] 8% LSSVM 702 3] #8237 K Stacking 98.28 [68]
Korla pear SRR STAR T b B — 43 S B FE 4R 7 5.18%With KNN, LSSVM, and RF
as the base learner and LSSVM as the meta-learner, the integrated learning
model of Stacking was established with a precision of 5.18% higher than
that of a single classifier
HE b BPNN 0¥ H ity 1E 7] e O softmax B #0751 9 BPNN Hik N JZ AN B LA 98 [64]
White radish Hollowness T e e 2 R H R 2 18] B 0TS BR BUEE B, L PLS-LDA S B2 R &

2.19%The hyperbolic tangent function and softmax function were modeled
as the activation function between the input layer and the hidden layer and
between the hidden layer and the output layer of BPNN, respectively. The
precision was improved by 2.19% compared with that of the PLS-LDA
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(&R
RGBS T3k TEME B PR A i1 SCHR
Crop type Method Crop information Technical characteristic Precision(%) Reference
1% Grape BPNN  ZEAH . B A BRI A BEAL 2805 RGB BGIRIUM S S &, 99.37~99.54 [65]
Esca, Yellowness KRS 10 AN ckalZ 1 BPNN Byk@ SR 8 5 Combining
phytochemical parameters extracted from hyperspectral data with texture
parameters extracted from RGB images, BPNN algorithm containing 10
neurons of hidden layers had higher precision
o CNN FEBRE Quality R 2D-3D fl & 5 AR 28 9 2% I 1 b 2 A S I A I A 9 98.6 [69]
Coffee bean defect (RT-CBDIA), LA 2D 8% 3D AR AR R FE 42 1 0.41%~4.78%A
real-time coffee-bean defect inspection algorithm (RT-CBDIA) was created
by 2D, 3D convolution neural networks, which improved the precision by
0.41%-4.78% compared with the models using only 2D or 3D convolution
kernel
KK Rice CNN 74l Origin EE Tl R ARHIEA CNN SR A L KNN I RF RS FEHR = 41.12%~ 94.55 [70]
6.12%The precision of the model based on spectral, morphological features
and CNN was 41.12%—6.12% higher than KNN and RF
H3K CNN R R B UM H(DWT)H CNN SHEEAE H MLP. SVM. KNN #% 91.2 [71]
Chinese Pesticide residue P 0.8%~24.8%Discrete wavelet transform (DWT) and CNN were used
cabbage for modeling, which improved the precision by 0.8%—24.8% compared with
MLP, SVM and KNN
FK Maize CNN T FUF A3 43 HTid: (PCA) K TR A6 e 1 040 e 446, 2 T 1R R O i 5 BN 100 [72]

Seed variety

CNN ZHEFEEL T SVM fll KNN %92 Principal component analysis
(PCA) was used to compress the original spectral data, and the precision

was better than SVM and KNN based on pixel-level spectral information

and CNN modeling

T SRR SR HER R B AR B
Note: The precision represents the accuracy or overall accuracy of the classification.
x4 REFINEEESEGEIEIL

Table 4 Comparison between deep learning and traditional algorithm in classification task

L S50k

Deep learning algorithm

G5k

Traditional algorithm

1% Advantage

A& Disadvantage

1. B 3248 o6 il R bR SCRE, SEBLB R R 4 2K
Automatic mining of hyperspectral image context features
to achieve pixel by pixel classification

2. VRN Tl A2 Y IA) S 2% A B8 R I SE IS PR ZER The
accuracy of the algorithm meets the real-time requirement
in the complex field environment

3MERZ AL BE J) 50, & FE = The model has stronger
generalization ability and higher robustness

4 BRI 50 5 AR AR A # Data enhancement technology is
relatively mature

LI ST % W] iR B £ R /2 The parameters of the
model are complex and the interpretability is insufficient
2R Z T [AHAR JE 27 21 4y RAE 55 IE D o i A P Ham 4R
Lack of open crop hyperspectral data sets for deep learning
classification tasks

3 FEAKRIE BRAE 7 The cost of sample labeling is higher
AP G0t TH S NLRE AR 5 = 223K Model training

stage has higher requirements on computer hardware

1. 43 S5 AE %o 458 284 1) 55 22 ¥ 9] #ff The importance of
classification features is clear

2.t N i SRR IR B, T DA A 90 e S B T AR
2 B ALLEPESE A8 By manually screening the sensitive
bands, the data volume can be compressed to avoid data
redundancy and multicollinearity

3AERLYIGRIN (8] A, S A% %5 5 The model training
time cost is lower and the parameter adjustment is relatively

easier

LA TR RIS F2 2 B The process of manually selecting
features is cumbersome

2GR B AR AR T YIS 5 IE A E
MK The model accuracy is greatly affected by the
richness of data set and the ratio of training set to validation
set

3AFHEFEEUR PR T % 1 5 QUG AE, 5 F IR RS B
P fE SIS /& Feature extraction is limited to spectral and
texture features, and the ability to mine deeper information is

insufficient
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BASETE . VR 2 16 S SIS IR N HEAT I 7 087477,
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AMLINAT 25 %8, WiF 90 38 AR A Ay SR A FE Tt 22 R
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Tt PR AT A — ST TR SO AR T Gt K B 6 5 4% B 1)
SONR), I G R 22 10 R o A RN, T X Pl R A A
H SR B G
3.2 WNFEEMAHEMS

E G & =B . EANL. A,
FEIRES I A ) 3 HE . RIS By . R 22 ¢ B3
SN THLER S IR RS . HAT, Hhim BB
JE RGO G ACE £ E ) ASD!. PSR-35001 VAN
SR-35001"% 715 . BB BA 350-2500nm, Yoy
HERTIA Inmo HUTHDEIEACH H RN PEE I il
SHRRE IR, RIS AR, B
BEEL R o H IR T A% B AR 5 0 AR 1 B T AT A AR R
AT AR VERE, BEEEN . THEALL
BORRIPE R JE, Mo g = oeiE It < itk s—
M Ve (S BAE A I B3 T 460, momik
B4R (KR 7T RS, T AU TR 3B 5 T
RS ) R, P B B X3 (0 A 4 R oL, oy
RS, B T B S R BT R
MRS . fEXAN AR, BTk AR X R T BA AR
DL A [) T2 Y5 i g |97 By 51 X 3k 3 P 22 5
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RIsm, A4 IR a5 a1 2 A B S T B AER )
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IR R AR . DRk, R TR X R AR
BAREAT AR EE, DL ok it 75 0 R ) 52
KEE TR, G e B 28 52 -1 A it
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