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Abstract: The hyperspectral imaging technology has the feature of “image and spectrum in one”, which
brings together the features of traditional imaging and spectroscopic techniques, and both image information
and spectral information of the agricultural products could be obtained. Therefore, this technology can not

only detect the external characteristics of objects by imaging technology, but also obtain the internal quality
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and food safety information of agricultural products by the spectral technology, including variety

classification, physical and chemical index determination, fungal infection detection and pesticide residue

detection, etc. Compared with traditional detection methods, hyperspectral imaging has been applied in the

field of non-destructive testing of agricultural products due to its simple pretreatment, non-pollution and

non- destructive characteristics in the detection process. This review started from the theoretical basis of

hyperspectral imaging, and summarized its image acquisition and analysis methods, followed by expounding

the research progress of hyperspectral imaging technology in the field of nondestructive testing of

agricultural products in the past five years. This review could provide information on the classification and

nutritional quality of agricultural products and food safety assessment methods to provide reference.

Key words: hyperspectral imaging technology (hsi); agriculture products; quality; nondestructive testing
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FH REKIE . AREIERSASE (Standard Normal
SNV ). K @#H . £ o HE K E
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Variables Elimination, UVE ). F#L#EBL ( Random
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Table2 Application of hyperspectral imaging technology in identification of agricultural products

BRI 5%

=]
g W / = Ok i 4b 3 y 70 2
A7 AR ol S HE Yl /nm {7 Bk U8 HeiE WAL )ik RRIE B R AR AR 1] T
gk 6 400~1000  SGi¥ Ly piAE MSC.2ND, SNV SPA, PCA SVM. CSA 96.57 [10]
N 5 405~970 B IESEE SNV, PCA CDA BPNN (RF. LS-SVM) 98.4  [11]
INAZ 6 400~1 000 Stk L AHRFE (MA. NL, Ist CARS (SPA) LDA (SVM, KNN) 86.0  [12]
Der, BL, SNV)
LML 11 400~1000 Sl L BARAE MSC SPA SVM (ELM, PLS-DA) 91.8  [13]
LRSS 6 400~1000 SGiEfER SG F# . MSC  (SPA. VISSA) SVM. Softmax 96.22  [14]
SAE
Ev NS 6 400~1000 SGLi%EIESHEE " PCA CNN (SVM, KNN)  98.67 [15]
RS 3 350~1050 gz A S-G V¥ . FOD. Mahalanobis SDA 71.67 [16]
LFOD, CV
i 8 860~1700  Jrik(E & Z-Score 7 it ft DA BPN (SVM. LDA) 93.24 [17]
S-G V. FD
Tk 4 420~1 000 S-S HERAE Ja ¥ PLS (LS-SVM. ELM) 81.49 [18]
900~1 700
R 7 350~2500  Sif-Hfb A MSC. FD. SNV PCA (FCA, MDS, QDA(KNN ,NB.GBDT, 90.5  [19]
LDA LLE .KPCA) RF, SVM, DT)
R 3 392~1 027 Sif%fE A MSC(SD. SNV ) PCA KNN ( PLS-DA) 100 [20]
S A 12 900~1700  Sepk Hifk & o S-G ¥ (SNV, PCA SVM (RF. AdaBoost) 90.01 [8]
MSC,. SD)
5K 3 935~1720  SikfE R SNV (MSC) CARS (x-LWs) LDA (PLS-DA, PNN) 100 [21]
4 3 400~1 000 Sk —Lr IERAE MSC (SNV) SPA(NM, CARS. KNN (SVM, RF) 99.14  [22]
SCARS)
4R 5 400~1 000 it FD(MSC. SNV ) CARS(SG.PCA ) PLS-DA 93.55  [23]
EgLiba s
- 31 400~1000  SgiEfs & MSC(SNV. SG) & SVM( ELM . RF,GBDT ) 96 [24]

e FES B SO R B, (EX AR AL T 45 SRS 1 R
Note: The algorithm in brackets is mentioned in the text, but it does not affect the model prediction results.
45 PR B A SCRE S 2 2R 4% 1E( Baseline correction, BL ), [ 5 4%( 2nd derivative, 2ND ), 2 #4548 28 75( Crow Search Agorithm,
CSA ), # R > ¥l ( Extreme Learning Machine, ELM ). fi#% /N —- 7€ ( Partial Least Squares, PLS ), ¥ #1444 ( Convolutional Neural
Network, CNN ), t-Ffi#l4BiTix A ( t-distributed Stochastic Neighbor Embedding, t-SNE ), #rifift ( NormalizationNM ), &4+ &
I FE AL % ( Competitive Adapative Reweighted Sampling, CARS ), € P35 4 H & b T INACR FER 7 ( Stable Competitive Adaptive
Reweighted Sampling, SCARS ). B2 TH 5 # ( Gradient Boosted Decision Tree, GBDT ), 78 & {45 [B] U 45 J5 ¥ ( Variable Iteration
Space Shrinkage Analysis, VISSA ). #i& H 31451575 ( Stack Automatic Encoder, SAE ), —B S % ( First Derivative, FD ), — {4
( First Order Differentia, FOD ), X#{—Bi# % ( Logarithmic First Order Differential, LFOD ), f1#%%£k 2% ( Continuous removal,
CV ). B F 543 M ( Stepwise Discriminant Analysis, SDA ) i #1242 X 2% ( Probabilistic Neural Network, PNN ), & [C i 2( Mahalanobis
BRE vk ). ik HB 404 ( Quadratic Discriminant Analysis, QDA ). #AVH]5434 ( Canonical Discriminant Analysis, CDA ), T4
PRBCAY £ B 43 ( Kernel Principal Component Analysis , KPCA ), A% L1 ( Naive Bayes algorithm, NB )., 24k & 434
( Multidimensional Scaling, MDS ). i34 5% ( Adaptive Boosting, AdaBoost ). #%fif Z%#: ( x-loading weights, x-LWs ) 43 5B
ZePER A (Local Linear Embedding, LLE ). -F43#T ( Factor Component Analysis, FCA ),

HEPAIF N %Iﬁlﬁé’éﬁfﬁ%ﬁ?ﬁﬁﬂﬁfﬁ%ﬁ AL MRS #.??H%E’J%“ﬁ PR S v T
P B AR, e s MSC, BEARLGEE T2eitidss | Plave ISk, #
SNV %%Fﬁ?ﬁ%ﬁ%ﬁﬁ%ﬁﬁ, I BR A b R YER A4 3224 F§ ENVI Matlab ,PyTorch Fil Python
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( Monte Carlo Uninformative Variable Elimination,

MCUVE) AIfr ket , F45E SPA FZET i
7N o WAL 4 F15E 5 480 ( Least Absolute Shrinkage
and Selection Operator, LASSO ) i i fr1E i K .

MM ##57. MCUVE-LASSO-SPA-PLS #:i7!, Hii
MAEAHSCRECH 0.901, B HRIRZE N 0.929, 2%

BB . TERER TR AL TR, 4G = Fh
B IA B IS BT BR TR AR B IR B R I RICR .
] i FH MCUVE-LASSO-SPA-PLS A5 A
K Z MR E ST I E KR, i SR
SEEJZ I S B KR AT ARG T . AT 2280 T
PR I B 44 S ) Sk, S5 A L RRIE A
JEEAEE,, 1E 862.9~1 704.2 nm I K3 Bl P9 R4
M TS AR B E R AE B, 2 TR S o3
#r ( Correlation Analysis, CA ) Fll RF PiFh5 3% it
FTIETERRIE /3 BT 45 T e 45 31 15 ASFRAF B o 43901
JFH W b B 07 32 10 I R AE D B 3257 CA-PLSR Al
RF-PLSR i1, Z5I IR, RF FILSE B RHE
WA A B CA R BITE, HA R “ig
A7 FtE, H RF-PLSR #AR 5O R A, i
HEHRETE RPN 0.947, RMSE H 2.15%., SRTT, TEAl:
IRBEFE, T BCA ] SNV SE S AT
TALPE , FLHEEAE A A A 0 S AR AE I A N
HENT TR, AR BB TROCR AT REA K . R
HE— 25 B 5 rboa] LA RO 1Ak 3k 2 g AR 7R
PEREFHE T3
223 A KRR

il 25 POVR S O AR B AR 2 K
TR . 7E 1 .000~2 500 nm 5 6 P 2
WA S TOGIRE SR, 700l SNV, MSC
MR FERR LIRS 6 P ELI T BE, BEH fefE
AL PR R Fe ka3 1E: ( Detrend Correction,
DC ), JEIa%dE4 DC b5, SR R L
( Correlation Coefficient Method, CCM )i 125 45 £iF
Pt T AERE K T FE R S KA PLSR B
iz 2k Em I ( Stepwise Multiple Linear
Regression, SMLR ) #%, iN5% 3. K 4 i, I
BT PHFPRERY Y 2 B A BT dE bR, SMLR BHRUXS
KSR ey, BN M AHOC R ECH 0.865,
FRUEIRZEN 0.039, MEHRHEFREC I PT LASE B 2 A
ErK A TC AR
2.2.4 AR SRR BT AT

) A DOV B € R £ B 5
FKPE AR S &, $IT 408.3~1 007.2 nm i
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Table3 Theresultsof PLSR model under different
preprocessing methods

W IF 4 fiNUE S
AL HE 7 vk
R. SEC R, SEP
J IR e 0.7430 0.0974 0.760 1 0.0912
Z TS RIE 0.8268 0.0583 0.8109 0.060 0
b IE AR 4 0.8235 0.0655 0.8269 0.041 4
— B4 0.804 6 0.0874 0.8254 0.0830
H—1k 0.8136 0.0713 0.8305 0.0698
S-G B 0.7909 0.0778 0.8051 0.0743
EBEHRIE 0.8561 0.0770 0.8422 0.0592
FRUEIEAAE e+ LA MIE 0.8264 0.0747 0.8324 0.082 1
— S BHAREIESA R 0.7967 0.0653 0.7634 0.069 5
—Br FEFZICHIIE 07736 0.1018 0.7642 0.123 0
TS BHREIESAS S 0.8094 0.0717 0.8227 0.070 1
T S ZIOTHUIE 08136 0.0724 0.7883 0.082 1

%4 45T TH PLSR A1 SMLR 44812 229
Table4 Resultsof PLSR and SMLR models
under characteristic bands

o K IE 4 T 4
A
Re SEC R, SEP
PLSR 0.842 7 0.055 1 0.860 1 0.040 3
SMLR 0.859 7 0.052 1 0.865 4 0.038 7

HEIRCR, 3 MC SR RCR et A SPA
P AR B . BT UK S 57 PLSR

F 43P ( Principal Component Regression,

PCR). BP £ ML ORI, X i fe A
%1% PLSR., #37 MC-SPA-PLSR #E%1, il %1%
RAMEARE &, HRENHIERECH 0.904,
P8 G R UG AT R ROK v B 1 0T 4 A i
AT AT RRARAG T o S AR — R LT CARS I
SPA 4545 22 J22 il i Ao 22 IO 245 1) 000 A )y 3, K
50y LA A AN R BE 2 B A= x4, R
it AR R G IR AEF] 5 Fh AWK e B

HEAT S I X0F L B R FH AR M Ak T 10 % 35 B3] ) %
WOGIE AL, SR 5 R H CARS 454 SPA fifi ik 4y
MK, #H57 CARS-SPA-BP A, H i 4 v
ERFGRE] 0.968, ¥ HMIRZE (RMSEP) 5%
T 0.034, ZFRAHEMZE AT CARS fil SPA
SERRRREAR TR A, o Al DABERS AR A DG
EE, BASPRE S, [A1EiEH BP #& M 4s ik

AT AR A R A A P, T AR A
G BT RRIFE ARG SR SR E S =R
KA&, TE325~1 075 nm P RAEHE R, i SG F
TGS AL B, PR T RO R A S A
ARG AT, TR . R, E#EST
ETHURP K . BRASAEESEN—Ik
P 2otk FRECR Z U BFSY R B,
FE 5L T BUBG AR AT R D ST PR R Al
MR e, HIGIE4E R R, RMSE Al RE 4%
M 0.518, 0.154%F1 1.303%; T7EFE TGS EH
A AE IR o DS Sy 1 A8 S b ) 2 T
RUAE IR B, HPm4E i R R 0.581; RMSE
49 0.230%; RE A 2.307%, AHF5EHE TS0 K
HOGIEAE By i, R IR, I % e i
{E 5 S0MME & B R AN RO R . A5 2t
FEH BRI S EMRRRIE Bl A 2EA T A B e
PR BEORS BE IR0 ROEAT e k3
22,5 g w Jo Bk

Liu 2B T —Fh 2L 3 2 L i 50
P8 2% [B] TR R ACNNR , 4545 125 G 14 e i
DA FRAFRL G oIl . 7F 866.4~1 701.0 nm
10 18] P SRR B T AR PR A I 3 0 1 1 3%
K%, JEHE T CNNR. ACNNR i/ —5f
mJH (PLSR) MyTERE. T+ PLSR, {HifH—&R%
T AL B RN [ Ak 5 1k B 2 BRI A PLSR
FERL, T XF T CNNR F1 ACNNR, AL FH 466
TR HE A o S5 R, PRGOS A g sy ]
IFRERY s R AL BT o R 2%, ff
ACNNR £ (R=0.919 ). ACNNR #EHELKE
Sk B “uExti T AR EE TS, A T
AhPE | RRAESEECAEAC TR, AR BT A S
I (PLSR) HAFHIMERESEL. #2 F R LIGIAR
[7] it o T KR P 3 Yol 57 T AR, A
R R

3R PRI i U S R T I, R
4 862.9~1 704.02 nm 1 382.19~1 026.66 nm i Bt
(B sE IR 1857 MM s B . R MSE
SNV L T 5, #id CARS 5 CCM,
X REMRA R & O R 7 e R AT T R I8 B A
it PLSR Fik gy T 20 I B 5 R e i
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B BSR4k i inl BEAH L AR 1B R T
WAL Y IIEBE R 0.66 5K 0.91, RMSEP
A1 1.37 FREE] 0.78 5 M & e U ASE A fr) 0 iF 5
R 0.83 # K% 0.93, RMSEP f1 0.98 T [4&%|
0.47. ZWFFE R AR CARS 5 CCM B iE4q 4,
i 1 H 8RR AE I B 1T DA R AR 4 i 5 B &
JREE, BT R, TR RS A
KA 900~1 700 nm i Bl = 3CF B AR (1 6 1% 8%
XA A SPA FIAARBURHIE S , SR )5 2 T4F
fEE R S PLS A4, FIH PLS £&#, XJ 100
ANEEA (RIS BRI AT = SCH IR I @A A A, 5
TR R M 0.913, RMSE K 0.920%., AHF
UK R, (A ETE AR B, R 4
W B AT R AR 0k A 7 0 AN AR N i S B 8 17
RORBAR
23 REGKBRM

T VR Rl R, B AR AR TR 2l R A
2kl B BRI R RAED G T8, TR IE
BBV IEH K o A2 — )5 T T LRk B iR A&
VERI R I, 55— 7 il AR M4 A
I e ke E LY R TG i, &
T AR AR B P . JCH RS, R B
R TR EXTAR LR BN, it A =N
HMATBAHEA T A EAF 5T

REN ZBTI Lt I T A [7] 4 SR v J3E 1 9 3 -
NGRS, i MSC 33k GBI 71
N1 EONN1: ) N N o1 o8 (| i < R S RS B s ]
w4195 (Support Vector Classification, SVC ).
KNN. RF fl LDA S @k Mss . 4R EM
RHKY S LDA A &R Hria], 128 1)
T At o RS 9 D 22 53 3104 99.7% . 0.008, Tl
S iR RN R S = I /) Rl 2 e b L RBZRE
R ZG I TCARARI . SUN e8I b iR A
2y (FUAEE AR ) SRR %, R SNV 5.
P BB m OGS BRI T B . AR5 )
fii 1] CARS FIBEHLARAKIE HFFIEIH R ( RF-RFE )
PERRRAE S K, PR SPA 454 Fie/N — 3 S H 1)
12 1] ( Least Squares Support Vector Regression,
LSSVR ) #7054 e Al AR SR 1 T A A, 2%

FUH, WO ELHEE Y CARS-SPA-LSSVR ###I
T4 R4 0.889, RMSEP 7 0.018, Tl 4 5
f) RF-RFE-SPA-LSSVR HEEIFM4E R h 0.939
il RMSEP i 0.008., AWFFRAIF ML AT
CARS-SPA #l RF-RFE-SPA %1 /3 5 AT 4R 1F %
KA, fifl 7RCHERIRY, 488 TRIRDRGEE

1o T ARG AR AN AT LA A 7= i R4 72—
P AR 24 5% B RGN, 3 T L] B Xof A [ b 288 1Y)
RZGHE B AT ARG I, X B A0V & i
AR e, R 450~950 nm K
EARE R R OB 7 X IS WD O XA W OE S L
Jie . RS 4 SR BRI R B UEA T AR .
SG P MSC XPtig(s S i fiab 2 . FIH
PCA HIEX R B AT 4E )5, HE5r SVM #
B, R FH A% 48 2% ( Grid Search, GS ), $i T
BERE (Particle Swarm Optimization, PSO ) M JK
WA ( Gray Wolf Optimizer, GWO ) X} SVM #5
RIS KA, 253 % USRI B AL, SG-PSO-
SVM. SG-PCA-GWO-SVM Fil MSC-GS-SVM Xif
DA A0 ) TE A R85 T 100% , Hi SG-PCA-
GWO-SVM 15 ATl 54 . MSC-GS-SVM H Ay
RINZALRE ST, 25 ER TSRz, W RASEER
X HEART I B DB AR 0 JC ARG I 39 A
BT =G UG A Al 2% A [R) A 24 5% 7 p
KFEATRE . 7E 400~1 000 nm 5 [l P R4 i T 1
BT RE FR2 SNV SR TGRS TR B, 43 J31)
Fl PCA Fil SPA FiL#FT 2 U BEbE4E . BT PCA
R SPA $EEUHRFIE I K43 S 57 SVML, BP #f
Z WA ELM B4 2558 B R R AR 5255
iR EW], SPA FEAERURILT PCA, AT SPA-
SVM BRI AR AT, RAMERIZE R 90%. A
WFSE Hh = bR A v X AR 24 5k BR R DA B A R 4
1R, ] 22 2 v T e 4 T 1k A R At T A 7R
PR BRI R R R A SR —Fh LT
1R G MR AR (10 T 22 AR 245 3% B3 S PEAG B 7
B, ESEAE 383.70~1 032.70 nm i Bt N4 R4
WD T HOk  BTAETR R . PN AREE 3 FhAR 25074
R, FERA MSC X AR 6 T B S
PEAT AL FE, P4 PCA Fl SPA Skt
FRAEETE . &Jm, il MD., LSSVM. ANN A
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ELM 4 B 43 285500 57 FL T 4 BRIk e B A
B PG R BASASE RS S5 R . T SPA-
ELM BRI U580 R de -, 000 4 1 T 2y
96.7%

2o B AR T — e P G 48 3R K
AR 2 5% BRI 2R (1 7 0k O A B Sl AR 25 7
FE . IR K ZBRMEESEN) R ESEHA
RARFEXT G, S BIFRBUHE: 400~1 000 nm &5 %1% &
B, IFEBUBSSGIR XIS 28 MSC Ttk ; 435
KA CARS . PCA HyLFIBHUINEZ#e ( discrete
wavelet transform, DWT ) [&4E; )5, B4
(9 8 O 1% A s 4 i A CNNL 2 2 & AL
( Multi-Layer Perceptron, MLP ), KNN Fl3Z £[r]
AL SVM #E S BRI LA 45 5 B 7R, DWT-CNN
TR BRSO 91.2%. AWl B 10/ Nk 55
B, Rt ARG s T IE R, HYS PCA
Fl CARS R4S LAH LA, T B 80N D AR e b
AEEAR A RIS, AT O BR T R i ith 208
AR, i HE RRE AR S i 2R X A (RO, HR
T RDGIEEEE o SRR

MNP R P G e AR AR A SR
PR 25 5% B SN SE o SRAE 431~962 nm Y% Bt
(8 AR SR B OISR o R SNV BB 0 5L 46 Dl %
RN EE, JEEH] SPA k) 15 MEHAF K
H#r SVM KR, Bed, fERRIEGIEEE Y
BEmls b T AR RE AL SVM. BEAY
( ABC-SVM. CS-SVM K GSA-SVM), &%
JERTA AT ] . I 2R AR Rl 3 4R v 2R Sl 8
AR EL, GSA-SVM BRI RE R L. B3, GSA-
SVM BB th AR TN EC 40 I GSA-SVM 5
T AR RIRCR, MREAE R A 96.1%. A
WFFEXS SR Fr 2R R 2 5% B e PR ST R AR T
FOCIE R BRERPDLIEE R, BA WS
RETFR 5 BUGFHEZ R, WA XHEA
PREFR R S AT AT BT . B, AR
BEAEIX W T A TR ABEGY, B2 B TRORS & 1Y [
At o % £ T ARAL o

X A 7= b A 25 8% B ) oA I 7 oK, (A
1o T AR B A AE A BRI 1h ELAT 5 v 1 1
Wii. LiRirgE 2 R E T DG E B T2

B R 0 S 00 5 A BE AN, Rl U B
AT, A RESE AR i Y BCHAFESE , I BE
FIHE AR F M RN R RO . AT DA 5%
BR AR AR 7™ i v () 40 AR AT AT A AR B, i —
AR BR A 2 B AT A
24 RERESRBEFGN

A7 SHAERAN | s R A R P A RS
JHEAS 28 B 52 B R, R ™ il 3R T S AR Y
TR A EAL 2 B BT T R, IR SRR ™ i Y
BHL 2RI, — S R A 2377 Ak
T T MELL LR EETE R, FRE TR
7 b R ISP A TV Y, T 2 A R i
Fo GG MR B EAR IO AR a2
XoF AR 7 i 8 ST I R AT ARG, s 2 B K
JEEOR . IF HREREAEAANE w0 2L [ B T B A
Y, A B TRV MR Aok &
AT AR B2 B RS T4 24 4 fik Y

LG A i . TR SA
KReEMEmEGTER, XA RZHYR SR
FAEH, T HEA IR EOEIEN . A ReEE T
P XA AR AR AR B AR 7 R Szl BN AR A .
Qi VI FH R G R B R B AR A o WA A 1 1 5
i, AT T LN AR ( Continuous Wavelet
Transform, CWT ) FIA] 70437, FEAIH RE
8 B A /NBERRIE (WFs) RIR G R AL .
BEAh, R SPA R EI-EA BRI B S WFs #E7T
T H#. R PLS-DA FI SVM fE R 5324k, X
WFs Ml LA 2L 47 1A o i3 PLS-DA A1 SVMs
MRS, SN EH: CWT 32K E S
PLS-DA HH%5 G RACR A, MXEHE (Y 732
G5 /0N 96.2%. Feng Z51°R [ 874~1 734 nm
DT N B3 24 e G AR 2R G A ) i 5 TR
XTI EEE . WEEE G IR IBOLIE L
)5 {8 FH SPA BEH T 12 MRFAES K R ANN,
A5 S AL R 42 M 4% ( Back Propagation Neural
Network, BPNN ), #fb #2844 . ELM S
FIFH A GIE FARRAE A g AR, (4ot A
oAWK /) BPNN il ENN FEAIZRAS T4 A&
PIVERE, 7 ZSAE AT 99%., P BIF5E Hh AR
RUKE BERGR, SRIMTEABATA R GE Rl
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TAR BB 5 I ELE5 R X B — b 4 R 7= i ot
FPEE7AE RN, R4 T ORI 5T LI N SE 2 1
drRl,  DASESER T A S T AR (1

Chul™ ] FH 185 6 1 AR EA = A~ 24 58l A feke
T B TR SR KRR 2 ) Y 25 57 0 A2 IR
PCA-SVM. SPA-SVM, % T REH (PW)
X9 (OW ) PFPRAEFEH . i PC1 Al PC3
F| PC6 FF LAY, OW-SPA-SVM HiAIN} =
A FOKR IS T Y HERR 5 T OW-PCA-SVM #%
T, S350 100% . 98.9%H1 98.9%., 1EMRE K
B, PW-SPA-SVM B 7 (A% 9% 53 S HEIf 3 0 5
I35 100% . 100%F1 100% . ASHIFFE A ER A
FERFEITIEATF, X TR R BFNRT G A0 )y
PP RU AL R RS2, T R SE R 2 R A
PW SR, BRI,

X N T KR N AR E
WI/NAZ , AE 325~1 075 nm J8 [ P ) 5 2 i e /)
7 ( Discriminant Partial Least Squares, DPLS ),
ANN FIl SVM X 3 FlJy ik g r ROINVE & 01/ A2 4%
SR AR AL | 22 X b = RS AL (R MERG B, LA FD
i 3P AR I S T B = FP A TR v SVM U8R e £
FD-SVM H A HERf 2R AT 35 51 100.00%, HE
HEL B DX A3 e /N VR o AR AT 5% T R 1 B
A Bull, SARZIMGR, #hetks
TUNE & /N2 S5 T R B, (i vy RS R
JIT R I8 BT IR A A B SR A AR T v A
e

Siedliskal™* Vi FH 55 1 AR B A AG ) 7 K
PSP K RIE R, B “Senga Sengana”

“Honeoye” T4 it (1) 25 4371l 422 Fh K 5 95 T
FAPEAR AR A B BLBT , MR AR A i RS A
FXF R, FERERNE A 4 RN T SRS G
. T RIS 2ND e 19 AREIE D
K, JFH TR g B o AL FERT IR ST 19 03 28
BRI (] BPNN AR ) FORG B ey, 422
IS RS S  SE 0 MER R I TE 9% |, ATLAA
RO TR e BT 1) R SR SR A T O X 4

W T Bk T A i e A AR A TR
1o T AR AL AR R T LIS AR 7 BT A ) E R
BRI T P A

T 25 PO SN A2 WK ik B 2 A O A
W, 7 1000~2 500 nm 35 il P SR 4R/ INAZ AR 2 FF
BFEAS (1 = G B, A SG-NL-MA X} R
IRCTE HEAT TAL B, F0EH] SPA X [R]2H & fi Ak
4RSS B (1CO-SPA ), 454 PLSR. MLR
Fldpe /N T R EHLIEH (LS-SVR ) iR 5%
AR T AR . 455K, 1CO-SPA #2HL
22 ANRRE I BERE A RIS U R A i R
ST EMNZESR, Hd 1ICO-SPA-MLR FAEIRL R
e, TN ARAEOC R B . 5 LR 2 MR XS 43 A
BRI R 0921, 0.375 mg/kg F12.79, %5
EEXE/INZE B — SR EAT DON 7 o T0 S 565
ICO-SPA MFFIE S PR B KAS Tk Ay
iR, AR/ N SR, 1CO-SPA BRI
i Ff lE— 25 (A 55 RN ERAIE

FORAE A AVEDEAE P B AR 2
—, B KRS i A R A B & A AR
B RS A Z . fEEN I EGE
AR IREIGI, X ERLIEAY, W5
SHEAN. &. Bihi. Bk, e AR E K
T T B8 A0 S 1 R AR AR
FokhEMEGTR Bl &m, E8E 5 MOREEAR
PR B 1 E K I Ee b B, >R 4R 371.05~1 023.82 nm
WBLNFEA OGS S, FEfT MSC Hikb# ;
iz PLSR SREREFHEI A, SRS FIH Fisher H
9438 ( Fisher Discriminant Analysis, FDA ) 435l
X 4 A RITARRAE I K N B A8 KR HEA T %50 4347
S5O AR RRIE IS T 1% FDA %501 1E i %
TE 98%LA I o T IEHES IR At & Bk itk s B ALl
PRI, R0 75 AR K i K AR A TR 5
7E 371.05~1 023.82 nm I Bt PN R A i 1R B0Hl 5
FH MSC # 7 AN s HRHE CCM AT 5 HR % 4
P SPA 25615 B IERE 8 MAFIER K ; £
SERFIE A T 1 IR B IR R & 1 1Y) BP B 48 R 2% 73
BT Z50E3R T, RRIEDE K 65 B T d sy
P18 AU A TR g A, ol A T U E B R
100%, ¥ MiRZER 0.161,

Wt 5 X IR T TR AR L R
PRRR R AEHEAT T RS . 76 S ik UGB A 5
PRREE IR I FE T, BIFFE N BORE AR R 9 T
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Table5 Spectral region and algorithmsfor agricultural products detection
A J6 %1 Fl/nm HW . BERA (X7 B R (R Y% B30k
b 920~2 530 liiEE S CWT. PLS-DA 96.2 [45]
EF 874~1 734 AT SPA. BPNN 99.4 [46]
ok 935~1 720 ER/NNT] PW-SPA-SVM 100.0 [47]
INE 325~1 075 INE SRR FD-SNM 100.0 (48]
s 400~1 000 505 T R 22 P A JE 2ND-BPNN 97.0 [49]
1 000~2 500
INEE 1 000~2 500 AN I T ICO-SPA 92.1 [50]
EX 371~1 023 WIMEER MSC-PLSR-FDA 98.0 [51]
ESP/S 371~1 023 K R A A T MSC-CMM-SPA-BPNN 100.0 [52]

TR ADCIEE B AERAE SR SR, InsE 1
D AR B AR T 7 2% R T Y 2R S N 5k
Mo AH B IRBFTEOR 2 50 T 50— B B Ak
PR T RS I, TR R b BT AR
JEAHTRT LA 224> AR A A i A ARG, AT
f i AL 1
3 HFRRERE

1 YETE AR AN DA™ il 8 5% i Il i
LTI A M T H, fiE TR EAR L
TR ML, 7 A A 2 S S DTS B
SRR T, SRS T ARG BB B TGS L
AREN, SRk, AR Z
TARAG SR BRI, SRR . A, A
sty MO ME LS 277 A o R GG IR B R A 0 2]
1 H AR E AR A, AR AR
BRI AR, 3 R R B R R MR K T
AT A HEA TR o 53 DA X6 A 7 i 1455 i
JEPPAT LS BRI VO 45 o X 28R A I B
W] HSI BAT g . MEsrg et , LAy —Fh
Joft . MEHE | ARSAS ARSI T i S BEA ™ i ) T
=T

FUR,  mGi R E AR KR 28l R AR L
SLH A BN T R AT AT PRI, k= AR SCHIEST
TE WA R A 52 3 35 b R A P, e,
HST AR B RO RE , R T AR ™ dh PR
AT H AT, A ITCARBDOETE R B P iR BT A
PR R0 e g 57 G B T DA 5 1ol it D%
R SCHE . D3 5b, AESEBRI I, AL
FEALI PEAE ot R SO iE (R B R EXE AR,

(R S ) R b B ST P TR Ll A ok
UOMERERER, n] BEXS i R BB A 7 2
o T R A B

P, R AT AT AT X A2 it & = FIbL 2%
A RO RITIT, TR R DG R
FOARAE BRI P i S ey 5 PREEAYEOAR
AL, AT LASE BT ohs B A9 e DG 16 2 1R A7 R
MM, AT B IR AR I 1K 5 3 Il A AR B4,
WEH EREBAR T A LEOR I KR, KA 5Tk
RO B A SRR BT SE N BT K ke, (i
JCTE AR BANE g — P PR i A B Toth A I B A
TEA ™t ity JoR 22 e I 4588 A 7 B R R
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