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Tab.1 Summary of the application of hyperspectral
imaging in seed vigor detection
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Tab.2 Determination of crop seeds and use of spectrometer type

AL

Ay W 7E 25 AR oy P /nm
2008 4E /NGBl il e ) Foss — NIRSystem 6500 e 400 ~2 500
2017 4E /NGBl Tl e ) ICL - B1610M — SC000 e 388 ~1 000
2019 4F /N2 1 A 0 PFD - 65 - VIOE A 900 ~1 700
2012 4F K9 A 3 1003A — 10140 HyperspcTMVNIRC — Series %HE 563.6~911.4
2014 4F KA SRR 1003 A — 10140Hyperspc TMVNIRC — Series E3E| 400 ~1 000
2008 4 KR 0 A 031 Handheld FieldSpec E3E| 350 ~1 075
2013 4 ZKRE G & A 4 5 ImspectorN17E 2822 1039~1612
2015 4 KR 9 o 031 1003 A - 10140HyperspcTMVNIRC — Series XH 400 ~1 000
2016 4 KR 9 o 031 RT100 - HP #6755 i 28 A EqE| 190 ~1 040
2018 4 K 1 Ao 24 531 XDS Rapid Content TM FIE 400 ~2 498
2011 4F SRR Y R 451 ImSpectorV10E — QE a5 400 ~1 000
2013 4F PO JICFD T 19 i il 22 531 ImSpectorN17E - QE 752 800 ~1 800
2014 4 K SRR ImSpectorV25E 752 1000 ~2 500
2014 4F K S0 L Rh % ImSpectorN17E — XLNIR 752 874 ~1 734
2011 4 K /NEE R R IS ImSpectorN17E - QE 75221000 ~2 498
2018 4 /NEMFIFIE T ImSpectorV10E 752 400 ~1 000
2019 4F  /NFERYFRFIE S ImSpectorV10E 252 400 ~970
2013 4F E KRR FIE VECTOR22/N 1 [ 833 ~2 500
2016 4 FRMFTIE T HeadwellPhotonics , Fitchburg , MA ES 400 ~2 500
2018 4 EORMFTIE S HeadwallPhotonics , Fitchburg , MA EE 1000 ~2 500
2018 4 F KA FIE T FEBR € (Antaris) 1T B ST P AR T TP S5 1 000 ~2 500
2015 4 KFEW RIS ) ImSpectorVIOE - QE P 400 ~1 000
2016 4 AKAF A FP 55 J7 ImSpectorN17E - QE P 874 ~1 740
2017 4 KFEW R FIE ImSpectorN17E 75 874 ~1 734
2017 4F BREEUARFP GR35 ImSpectorVIOE - QE 752 400 ~1 000
2018 4 JBEGLAR AR 9 AR 35 ) ImSpectorVI0E - QE 752 400 ~1 000
2003 4 WAREURPFIE S FOSS Tecator Fii B 850 ~1 048
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2003 4 ERER R FIE FOSS NIR Systems XH 400 ~2 498
2014 4 BRI FIE VNIR, HeadwallPhotonics, Fitchburg , MA B3 400 ~700
2015 4F KA FI5 H VNIR, HeadwallPhotonics , Fitchburg , MA *H 425 ~700
2016 4F  ERNHIFDFI5 SWIR , HeadwallPhotonics , Fitchburg , MA ¥ 948 ~2 494
2009 4F KFE NEE EORAY 2R BRI SpecimV10 spectrograph 7% 400 ~950
2010 4 /NE M Z AT ImSpectorVIOE B 400 ~1 000
2011 ¢ /NE MR VNIR100E EH 400 ~1 000
2015 4 ANk EV/NIR HyperspecModel 1003B - 10151 XH 528 ~1 785
2015 4F  ANEMRGME HE OMMEER Model No. SU640 —1.7RT - D JME 1000 ~1 600
2012 4F  FORMRER T PertenDA7200 i 860 ~ 1 640
2016 4F  F KA ZH AT ImSpectorVI0E — QE , ImSpectorN25E % 400 ~1 000
2009 4F EKAHR ] SWIR Iy 960 ~1 662
2010 4F  FE KR FEAE ImSpector — SpecimV10 75 400 ~1 000
2010 4 FRMEMEHER AvaSpec — ULS2048 — USB2 fif 24 400 ~1 000
2014 4 EAMEMERE SpecimV10MspectrographOulu Pie 400 ~1 000
2017 4F EKMFhF E ISR Y ImspectorVI10E a5 400 ~1 000
2004 4F BOKAYE IR G KR ApogeeKX —-260 Monochrome Scientific Camera X H 750 ~1 090
2006 4 F K (9 31 43 FTH R Matrix NIR eS| 950 ~1 700
2009 4 FOKAHLIE IR SRR IS FA] i A CDI Spectrometer XH 904 ~1 685
2015 4F  KAERYFh T AR JFE, Techno — ResearchCorporation HA 400 ~1 000
2006 4F SR JEME S JTSERL A BEVITRAR B A BURIIMAE - NIR Systems Model6500 Spectrophotometer B 400 ~2 500
2014 4E A AN IR i AR LIV i R AN A AR R FieldSpecHH2 E3E] 325 ~1 075

AR | B BE R RS AN & R | B0
A ARAE LR I D R TN 23 R o o
EE 5 S P AID Qe b A A Pug e hy LS B iy
LTANTET GG H AR Y B H /N2 | SR PCA 2545
(AR B A % 56 51 95% L I ; Feng %57 )
FHI 25 G A AR S 5 T DR T K b 2, ) 4
Il A e A S R | 2 SRR | g,
A5 AR T FE T 4 T R R 6 DR Ok 5 Ak
P R R I 2L R AR e % 5 B
SR KRR T K He SR AR (3 7 12 | SR P 458 1 e 0
TEL R e X SR B 3 F0 I T B TR AT AR LR e | 42
WY 45 AMRERE S, O BRI B/ —3fe SVM Jr i
FEAT R FCrh T (4 B B R 3k 94, 67% , AL,
teks TR T 25 VE R T (045 T B A RIF O R 3
HIBFFE a3

5 ZERZE

TERCR AR IO T, 2R AR BOGIE R IE R EHR
FROE 2 Fh7 20 SGIERRIEARD T EURARIETT =, 2R
T3 R 7 5 AR A [R) R AE 7 RS RV e A7 AR
—E S HEFAR, TR, TN
Pt/ € 1k ( partial least squaress, PLS) , Ada —
Boost B9 # B2 2% >J #L (extreme learning machine ,
ELM) FfiHL AR AR ( random forest, RF) | 32 FF 1] &5 #L
( support vector machine , SVM ) FIA T #2244 (arti—

ficial neural network , ANN ) 2545 AU E 7 HEAR X B4R
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Application of hyperspectral imaging technology in crop seeds

PENG Xiaowei' , ZHANG Aijun'”, WANG Nan’, ZHAO Li'
(1. College of Resources and Environment Science , Agricultural University of Hebei ,
Baoding 071001, China; 2. Hebei Mountain Research Institute, Baoding 071000, China; 3. College of
Mechanical and Electrical Engineering, Agricultural University of Hebei, Baoding 071000, China;
4. College of Land and Resources, Agricultural University of Hebei, Baoding 071000, China)

Abstract: Crop seeds are the most basic and original means of production in the planting industry . The selection of
high — quality seeds directly determines the economic and production benefits in the agricultural production process .
Hyperspectral imaging technology emerged in the 1980s, which has the characteristics of non — destruction, rapid
imaging and “integration of atlas”. Previous studies of crop seeds using hyperspectral imaging technology mainly
focused on the variety identification , vigor detection, and seed quality of crop seeds. In this paper, based on the
previous research , the authors summarize and refine the data processing models , which include such methods as
partial least square method , Ada — Boost algorithm , limit learning machine ( ELM) , random forest ( RF) , support
vector machine (SVM) , and artificial neural network ( ANN). To sum up, the purpose of this paper is to provide
the best spectral range , sample types, noise reduction methods , feature band extraction , model building and other
aspects as the basis for various types of crop seed research , and to provide suggestions for future research direction .

Keywords: spectral imaging technology ; crop seeds ; characteristic band ; detection
(RERE: K B)



