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W E: A TIRICRRENG IR TR e R A A E 2R (E 5, BT SRR 1SN B SR U [F)3% 77 B 20 Fh i)
JEIEAE R, FEERRM TP T A O BORHIE B L N RHE (wavelet features, WFs) HI777%. it N T2AiAE,
SREUAFIVE 7T RO SRR, HREH SRIEME, R GIE#T Savitzky-Golay “FiF . £ GHUIE. —MMar .
ZI A S TIAN S . SRS XL gaussd. mexh FlI bior6.8 /N AL B FARINAT WEs. R 32 B AT IS RHE (spectral
features, SFs) 5 WFs [§4E, &7 HF M EML (support vector machines, SVM) . BEMLFRAM (random forest, RF) .
HEBR %% ML (extreme learning machines, ELM) FlJz [ f% # ##42 M 24%  (back propagation neural network, BPNN) 4§ [ Ff
TGRS, XFEL SFs 5 WFs BIEBOREEE . v T i — DI EGH WFs RS ADGIEE S, BT S A BE N 2k
MRRFAE B B P, SR T SRS J1 A G HEAE AT 1% FI/NERHE (1%|R|-WFs)  FEF 1% 77 IR0 R ik 28 4 7
BT 1% H/NEASAE (1%Importance-WFs) M - ElA 1 1% [R[+1%Importance-WFs 3 A~ WFs BREHE 3T 17 N iR 8% 22 5
B, S5RARW]: 1) bior6.8 bR B HUAI A R 0 B ARAR Al ) WEs RURELLS, HoAth s B/ R B0 WFs I, HH I B 4R
BN 2) TESMFIIFTANIRES B, WFs ERTEEHREREET SFs ER G, HILT 1%|R[+1%Importance-
WFs FIHEff R i & 3) @Ft 21 5&F 20 7 iE Skl i s A B35 . 1%|R|+1%Importance-WFs+ELM; i 7 64
FpF 30 IR M e AR . 1%|R|+1%Importance-WFs +& #5855 PCA-WFs+ ELM/BPNN. 4%} 21 28 )11 2k
GERTINREE FOVERA R 2093009 99.63% . 98.28%:; < Ft 20 L3 bl - 64 SR AL I SR AN 4L A VERA R 205 100%. 45 2R
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AR, BEE SIS EARIIRE, HEFEE MR
W2 & & KRERMEF T R AR5 85, g7
g M I AR, HARE AR, B e
R 5> S AR 2 B 2 2 A8 R i A S
AR FE TR PO R T S w1 R SR SR R AE 5
AT SB35 77 R A AT R o PR SRR |
FEIDLGEE S LRSI A, 505 EARLE
PRI P A3 7 R B I0, Srahl i
THAKFE TR 735 J1 1 AL AN SO GRS R 48, H45 6 i e
/NTIRFNH AT (partial least squares discriminant analysis,
PLS-DA) AL, SEHL T /KREFFE I TCHAGI o MR 250
F e HOR 5 IR B2 S S5 S K g A 1% 155
S H 39l 4 (stacked auto-encoder, SAE) $2HX
G RFAE, FEAEE SR M BN A, SRR E
(grey wolf optimizer, GWO) Ak JEHAUE N 98.75% .
AR YUAN U8 SR AR 500 (successive
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projection algorithm, SPA) . 3% % H 1& B & f 4L
(competitive adaptive reweighted sampling, CARS) Z54§
TEIR I HIL LS & 52 M{E (mean impact value, MIV) .
FHOR R B G WA AE, R R AL 2 2] B N L2
PR B KA T BEAT R0, R HE G R AE 99% A E .
ZHAO M QU AP mokis HAR 5IRE ¥ 1454,
SEIL T AN R SR KRR 5 R OK B R
CUT %51 5L F 1 o 1 5008 (0 — B A o RS AE, 528 TR
)35 77 B K P FARK T . LIU 256020 32 2 (8] 43
W& (spatially resolved spectroscopy, SRS) FIJitZH &5
T B 6 1 BE T VE SRAS I AS [R) oK b 135 77, HER 208
F 91.67%. HHT, F T 500 % BRI Bl -1 3% 77w
FoK 2 B T8 G B G RE R AE 73 A 0538, XA RS g Ff
T Z B R RHAE (0 52 A5 B AR A S5 0038 A Fr it — P 1)
Y248 o

EAEAE N R 2 R A 80 S E 5
B DL R A N BORE BRBUEAR RL IE BN AR
(continuous wavelet transform, CWT) REW% A 48~ itk
B PSS, IR RIS A, FEEE A
AR L B AR AR R B TR (M R A4 B, s
L e, R SN I AR R IR B RE W R R 6 IS 5K g
TIEEY. LIEETR. EHYH SR EYEE RS
Er RS R 2 AR SR, IRl g A E Y R
GV SR FR B Al A E V) S BN RN 25 5 VR
AP, SRR BN E e (discrete
wavelet transformation, DWT) N H TF0 3% 0, I
WS TP 45 5 . DWT MRS — & B0 ROEEFIAL 7
AT B HORBERY, — B R Lk 7N AR e R B T
REE, (HBIEIELATE R IR, Hoh, MR
FRM, SN AR EL A S HN AR e B I 4 U
REEZS (8], 1455 &5 S AR I 77 10 b S Hi/N i A 46 B L
AIERERY BRT, ENEARSR, N R AR EUE
WA T AR TV, SITEREZET HinZ &S Nk
R AL M 5 RP2728, SR ECAS A R 07 ()
1k, 208 THRHEZ I BHAER, /N RE X
IE R EUSE AP N Wk ot 18

N T AN CWT ZE 13 IRl b i 2 e, [ I 3
— BN R B RS AR ARG S, AT
B 64, &R 20 S AF 21 =BG R4 AT AT
ZHRI IR E R GO GIREEE, SRR R T O0E,
Iexf HEAT 2 REERIELL N e, X LEAS [R] /N B
BRI U 1 il M B A AN [R] 35 0 55 2 SRR A 0 1 AR E 1)
Jo FFHRH T3 T AH OGS A B 4 2 BN R AR
T, L3E 5 RS/ N REURE S B AR & 1A R HK
MR R FFAEAE EAE AR AE B SRS, 7802 3
N R BRI A 15 SR = SR AE , AR TIE J1 A
PRI AL T —E 6 R RRAE A R

1 MR5EE

1.1 #HERHESHERE

) N VWl 1115 UL /11 -5 s R 4 SR R 18 1= W AP
FOBTRE 5 64 & 8L 20 &8 21 = AN Bl Bt I Fl ik
X, BRI . R/N AT Jo A B A ) B K
FRFR 400 KL, K& SRR 7 DUSE 5, Hop =K
50% HEEVEBON 3 BIHEAT 304 60 90 min ZALALEEP,
HREHmIEAZ. WRIGHTH NS R RE R &
(E 1) RZFZ= S AR A1 Specim 1Q {45 X ma ik
ML, RER R IEEE N 397.32~1 003.58 nm, 3L 204
ANEIE, SR N Tom. HTHMEEES 20
K, WLAXHFFIRMIAIE, SHEMCTRT, S Ebigi
G HF IR BORLAR o 25 1) OB IX, BN A A B R [X K/
1E 120~200 ME TG P, THEESER X N T AR R 1
SV A R R ST 2 O

EEve)

Halogenlamp
145 Model:

QVF133

%R
AL \
Portable

hyperspectral
camera

=% Tripod

B 1 &tk ds R AR AR AR IR
Fig.1 Hyperspectral data acquisition and region of interest
extraction

12 FREXFIRESFENFRIS

X4 AN FACELEE (0. 300 60 90 min) ) it %A il
KA R ZED, MR IR A R, W R 2F S E AR 25 C.
Je MR B R AT R PR 12 dbRHER ZEIRE, DA
GB/T3543.4 CLRAEYIFIF R ZFRE I FUFEY Aot B 4
1% e brE Gt IR A AL S R T R ZE A R
g F1HRH,

HE 1A, BEE SR K, &3 J14Ehn
R T GRS, HAE R8s E R T MR
Mg E KGN, BAEANFEZUBE R BEER,
LT AR EARRE BE R A7 3G 1K 22 BT
TSRS A (B HEAT A O AT, & SRR 7148
5 2 A0 (A #8 2 I ARG (R RM A R B R
2% 9 8—0.9302 (JK21) . —0.9994 (JK20) . —0.9803
(XLZ64)) o N, DAVE 774830 1 m ik d, dk 47
B b B AR R IR 4y . BRI LI 1.

o, XLzZ64 78 T3 B TR TR FEHR. RHFEX
ANE S s T T2, AEVRER RRERS gl
S T R RE L T 2 AR R KRR BTSSR bR T
L AL ()45 R S L. LR R AT RETE T XLZ64 4
90 min ZALALEE 5, ol PN R S SR A I AT
By Atk I AR HEAT T P, S SO )1 BT Tt
AT 500
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Table 1 Vigor of delinted cotton seeds under different aging treatments
fin e i 's LA ) AR R R E SEWAE R 1R

Variety No. Ageing time/min Aging gradient Germination potential/% Germination rate/% Vigor index Energy level
0 TO 60.00+8.49a 76.50+4.24a 110.31+6.15a A
&7t 21 30 Tl 50.50+1.41ab 64.00+1.41b 74.25+6.72b B
S K21 60 o) 45.00£1.41b 58.00:£1.41bc 65.52+1.10¢ C
90 T3 38.00+2.83b 51.50+2.83¢ 56.73£2.31d D
0 TO 18.00+2.83a 45.00£7.07a 36.81+£0.96a A
47120 30 Tl 16.50+1.41a 33.50+4.24ab 32.13+£1.23b B
JK20 60 T2 17.00+1.41a 33.00+1.41ab 26.59+0.41¢ C
90 T3 12.00+2.83a 29.00+1.41b 21.96+1.19d D
0 TO 17.50+2.83a 57.00+12.73a 37.28+5.06a A
Wi 64 XLZ 30 T1 7.00+2.83b 18.50+1.41b 14.12+2.94b B
AR 64 60 T2 0.00+0.00b 7.00£1.41b 2.95+1.39¢ C

90 T3 3.00 16.00 7.21

VE: BT NRNG TR TRh P<0.05 TR T -

Note: Different lowercase letters in the table indicate that the same index is significant different at P<0.05.

1.3 #HARAE*E
1.3.1 XA 2B R AEARY A

KH SG i ZuHURIE. —Ma. ki
3 55 5 o B ) S R X [ ST 2 i AT B R
H T i M PR K, 164 400~1 000 nm VI ] 4 6
IR, SASIERSR R JEREA, SR RRE B R ot ikk
S 16 RSO AT R REAR I BR, A5 AR A RS
FEVIRGIM H 4 AN R FEAR . &SR T A A 1100
ANFEAH) 44 AN SEHEFEAR

Xof 53 64 S A PRI RE AR DA 73 1) B AT 1) 40 )1 4 0
WA, BHIREIREAS IR 2 iR,

®2 HERMEEAK

Table 2 Number of test cotton seed samples

o o FAYE IIGENASE WRENEAYE
i T

Number of  Number of train set Number of test set

Variety No.

samples samples samples
&®21 K21 384 268 116
£820  JK20 384 268 116
b 64 XLz64 288 201 87
132 /EAFAEIRIR

/N U A i RE 5 [R) IS S ECI R AR A JR) AR A4S
B A AN R R BRI B RS S, S
AL, fEABEARPRE S ALY . CWT Eid %
JBRIP- 3% /N 5k o MO 5 HL kAT B AE SR IUE S 2 A
[ R RIAL B B JR SRR AE 0T R RS L R R
HURE S N Ax i 1 3 M O 1 B BRE P, SREBOLIE Y

FEE., CWT WitER T
{ W(a,b)<f D
Yar = [0 FOWa,(DdA
1 A-b
lpa,b = %w a (2)

X a WREFRT: b A PBET; 1 A6k (400~
1 000 nm); fid) AR FICHE R Z: y,, N/NIEEE R
W, (a,b) N/INBEREL, 2 B o3 Al RO Rl i BEZH R —
YeaE R, AT T E R E R CWT FIHERtE, 12
B O RREE (BR 2", n=1, 2, ..., 10)2%*4, 3¢
RN TRE (CWT-1), %2 RJE (CWT-2), ..., %
10 RE (CWT-10).

133 4F4Ejhik

1) ERIT

=E %% 4 M1 (principal components analysis, PCA)
a2 —, HR BN R A A kAT 2k
YEH G, (ERAE BBUR AT, 2 MR E
DI EAMRNG G Tebs, BIERSS, BEW A Rt sEEl
O R 45 5 BRI AR

2) T AH I SREAE B M 1) /N R AR B

BT RO AT, SR ELE AR A B HURN IRHAE I
RN AP e IR B, R RIR R TR TR
BUARPRRRAE =21 PP 0 e N BRHAE I PTAT 1, IF2R G
% R/ INBORFE 5 Bh 105 J1 55 R AH S S AR A 1% )
PO ) TTRRE, AR T 5 A0 0 AH SR AE AT 1%
() /NBERFAE (1%|RI-WFs) « 7E 11 77 1) AR fiF 8 22
PELERT 1% BI/NBASIE (1%Importance-WFs)  f — 2% Fil
4 1% |R[+1%Importance-WFs 3 4~ WFs KFE%E .

@ 1%]|R|-WFs

o B FRUBE /N 3 BURAE 5 o 135 0 55 R AT HH O
oM, PREHRRE R, FEXT R BUANHE, REI/NER
HURFAE 5 Fh 135 J1 55 G A 6 R BB AE AN [F) R ATAS
A B i) A, X RIBEFHRFE, 8 T BARTUAR, 1R
R TETT 1% HINBRFERIE 1% |R|-WFs FHEHE,

@ 1%Importance-WFs

B AL R P e I A o SRR B A 4 A P i et
KFZ, [FIN B LR G 25 BRI 18] 1) 22 BAE H A RFAE B
BRI T AR B N R (S A S MR R 215 R

MH RF (R AE B VP4, 5 T BELAR AR A 2 4
4R Cout of bag, OOB) %7, VPl /NI &R B
TR B S, A7 R o RUBE R /N U AR R AR AE ARl o 13
I FE A TR BEE T, 5 308 RUBE NI AR R AE
FEAN R 8 B RVRRAE B8 S 40 A [, 6P R AR B S R AT [
FrHEF, B BURE AR B AR BT 1% 1 /N R AE A A
1%Importance-WFs KF{F£E .

® 1%|R[+1%Importance-WFs

N T D PR AR VRS, B SR AR I AT R
PE, KRS H bRAR & (AR R AR S PE ) 1%|R|-WFs FF
fEEE 50 H AR & 72 A DTEREEBLRK) 1%Importance-
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WFs FREE M fl &, JFA0 B = F ES K HE, 155
1%|R|+1%Importance-WFs FE£E .
134 HBAMEELE
T IR FC/ANBRAEAE M 35 A ) A, 4y

TR P AL B i 5 B AR AE 2 /N BRI EAT 32 a3 o AT B
Yk, FoT B4 TS 0GR AE 32 B AN IR AREAE 3 B0
S EANL (support vector machines, SVMD ™1 [l
R (random forest, RF) PO #% R 22 SJ Wl Cextreme
learning machines, ELM) PUF1 iz [ 1% 4 o £ (Y 2%

(back propagation neural network, BPNN) 2 & fhj]
5 S BER AN [F)3 77 5 B I AR A AT IR . e Ah,
2 B — RBE/NBCRFAE . AH DG 53 B S R A1 28 14 43y
FEHUH 3 AN BURFAE SR B N B Fh 35 J1 55 2R
BT, iR R Caccuracy) « EAEFEE (overall
accuracy, OA) Fl Kappa ZRENSEAG U0 S AR AR JE

2 HBREF

2.1 HFERREN
2.1.1  JR4sRGEFAEIRIR

S RTANIRNE J1 S R AR R~ 5 ek th 4k (B 2D,
Horp K21 £ T1. T2, T3 ZHALEEH B, C. D &M+
TG 28 5 TO AL BRI A GRh TP 1 6 i £ 2=
B, 7E 600~750 nm YU [ N GG S b ZB0 R FRAR, H
JE R AT RELE T 52 B2 AL il J5 R Tt R & R AL,
E I Bt e i i 5, S BUR SR DY, (H B,
C. D ZiRh 1738 06105 il 28 S Ak e A AR, FLYEAS [F 9%
BN ES, MELLNGIE N BEX M RARED
S, JK20 4 T3 Z AL A FE 5 1 C K Fh T 7E 420 ~
550 nm 30 BBl N I S R B R T AL B G TG IE
W, H A B RO i AU R, HELLIX 4)
XLZ64 1] Av By C &1 J1 55 ZFh 7P 35 15 1 5 44
PGP e, PALE S AL &SRR R
W R GARENE DY 2 BT R EH KRR

— A-TO( .0 min Ageing for 0 min) — A-TO(Z .0 min Ageing for 0 min)

—B-T1(#1k30 min Ageing for 30 min) —B-T1(# k30 min Ageing for 30 min)
— C-T2(31£60 min Ageing for 60 min) — C-T2(31£60 min Ageing for 60 min)
—D-T3(4k90 min Ageing for 90 min) — D-T3(Z1£90 min Ageing for 90 min)

0.7 0.7
g 8.6 ] 8.6
v £ 0.5 w £ 0.5
¥ 50a ¥ 503
%203 2203
S 0.2 5 0.2
~ 0.1 0.1
o L . . . o0 L ; . .
400 600 800 1000 400 600 800 1000
A Wavelength/nm K Wavelength/nm
a. &FR21 b. #1120
a. JK21 b. JK20
» 0.6 —A-TO(Z A0 min
" % 0.5 Ageing for 0 min)
=5 03 —B-T1(£4k30 min
X % 02 Ageing for 30 min)
=0 | —C-T2(4k60 min

400 600 800 1000 Ageing for 60 min)
& Wavelength/nm
c. ikt 64
c. XLZ64

B2 TR F AT ki A

Fig.2 Average spectral curves of seeds with different vigor levels

2,12 RigwE

AW AR SG it ZIGHBUNKRIE. — Y.
T oy ST IER e AT AR B, RS T SVM & T
T g IR B R, BRI SR A RN IR AR 1 vHE A 2R
F3Fn. MRH, JK21 A1 JK20 JR 561 2 ki
Iy TRAL L 5 R R B i 1T XLZ64 422 JU U R IE Fidb
B M 8OR e i

R®3 TEFRLIRF EE@ME DTN AERE

Table 3 The prediction accuracy of vigor of different varieties

under different pretreatment methods %
&F} 21 &% 20 Wikl 64
oy JK21 JK20 XLZ64
TRAL#E 757

IZRgE MRAE VIZRde IRER VI ZREE Wl

Pretreatment method . . .
Train Test Train Test Train Test

set set set set set set
TNV
.Etnj‘mﬁ 73.00 72.00 59.70 59.48 52.00 46.39
Original spectral
LA
Savitzky-Golay smoothing 72.00 73.00 61.57 60.34 51.04 52.08
Z ICHUN R IE
Multiplicative scatter 75.00 75.00 6791 65.52 87.67 82.43
correction
B sy
First-order differential 80.00 79.00 7425 7327 73.61 65.62
157 G
Second-order 93.33 93.00 91.42 90.52 8229 73.96

differentiation

2.1.3  NERAFAERIR

I TK21 . JK20. XLZ64 = AN b e A0 1 4k 3
Ja B IETE AT SN AT e, XL HT T gauss4. mexh
1 bior6.8 AN [F] /NI J2 bR £ 3 R B BUAN [R) 9 0 S5 20 i 4%
FRFR e 1E(E S HIRE 1, WEFERKIL, gauss 4 Al mexh 4 fi#
B AR RAR R AN [F) 3% S5 R e S B RO B,
PRELEE 6~10 S5 RO 61 RS B, RS %R
A R I IR RN, U/ R R A S IR R
R EAS TR, BT S A IR, T bior6.8
R B AT SN AR ), Z IS R, B, ik
B bior6.8 BRI ALFEHUNRRFAE, 193055 N /N R K 28
Wk 3. 4. 5 Fion. HEITTEL, & SAAFRE SR
INERRIEEA R R FAA R 2%, EEIIERRE L,
JERERFIE S N, BEE R, il o flge /%
2, N R B IE AR A A AR R

K 3s A1 JK21 755 1 BI5E 5 R L, /N R
TEARE T ARG AN, TE AT L% R WE 6 I BRI 20 A B
WU, BREEREE R, 53 FE S REM
600 nm PHiTyE N, A HFFLERIES B. C. D&
PGSR Z RN R, {2 B, C. D MIFh ol
E R BEARALL, HEDLIX 43 o

K] 4 F1 JK20 5 B IR /N 2R BRURRAE 1 R A 3 R
W P S IERRRE 5 TK2T ML, (H R 2 24k A0 B 1
A B PRI IE S5 Z A G By C. D 2R 161
FHIEAR R ZER .

Kl 5 1 XLZ64 727 JLAN R T /N 4 fif A0 EE 4 (1)
FERERFIE T N, AR % ) & AT OB R E SR
AL, MELAX 2y, B9, 10 %W s E L, REEH
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SR 2 N R, (HEE AR AR AR AR R

— A-TO(Z L0 min Ageing for 0 min)

— C-T2(4£60 min Ageing for 60 min)

WFs 4T 0% ik, 2 HU 1%|R|-WFs 5 1%Importance-WFs
%20 NMEFAE, B 7~9 IR BOATREUT 1%|R|-WFs

—B-T1(%4£30 min Ageing for 30 min) — D-T3(:£ 190 min Ageing for 90 min)

5 1%Importance-WFs, 1575 RBEFIP BRI A0 R

—A-TO(Z A0 min Ageing for 0 min)
—B-T1(:3£1£30 min Ageing for 30 min)

—C-T2(:£1£60 min Ageing for 60 min)
—D-T3(4:90 min Ageing for 90 min)

8 g
3 0.02 g 002
HE 01 HE 001
We 8 e 0
xs 00 X Z-001
< S —0.01 < © —0.02
£ -0.02 L A A A £ 7003 A A
400 600 800 1000 400 600 800 1000
WK Wavelength/nm WK Wavelength/nm
a. CWT-1 b. CWT-2
5 002 5 om
g 001 KE 001
N 8 0 N 8 0
= £ -0.01 =2 o
% i % L -0.01
~ 0 -0.02 N2
3 . . . . 3 —0.02 k. . A .
= 0.03 =
400 600 800 1000 400 600 800 1000
WK Wavelength/nm K Wavelength/nm
- c. CWT-3 d. CWT-4
= =
-2 0.015 g
FHE 0010 0010
8 2 0.005 FE 0.005
22 0 s o
< 5-0.005 Z 5 0005
5-0.010 S el
E-0.015 A A L FT000L, s s s
400 600 800 1000 400 600 800 1000
K Wavelength/nm WK Wavelength/nm
= e. CWT-5 f.CWT-6
= =
000 E 0008
FHE 0.003 FHE 0.004
m’\” =} 0 N’(’ 8 0
X2 B2
7 ©-0.003 T 5
<3 < 5 —0.004
£-0.006 2
B 1 1 1 1 B —| 00 1 1 1 1
400 600 800 1000 400 600 800 1000
P Wavelength/nm P Wavelength/nm
g. CWT-7 h. CWT-8
| K|
5 0.006 2 0.0015
g 0004 FE 00010
N 8 0.002 N 20,0005
< ‘T‘g —0.002 = '§ —0.0005
500041, ‘ ‘ 5-0.0010¢,
400 600 800 1000 400 600 800 1000
P Wavelength/nm P Wavelength/nm
i. CWT-9 j. CWT-10

A3 JK21 REIRE T ik & dkwh &

Fig.3 Wavelet coefficient curves at different scales of JK21

2.2 FHEGFIE
22,1 ERGHHT

X FALBE 5 ) Y6 SRR AE (spectral features, SFs) &
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Table 4 Principal component and cumulative contribution rate of
spectral features and wavelet features

o BF 21 &FF 20 Wik R 64
Seedu\‘jarieties JK21 JK20 XLZ264
SFs  WFs SFs WFs SFs WFs
e
. LR 16 9 10 7 4 2
Principal component
FHTTIR R

Accumulative contribution rate/% 90.64 90.61 5072 90.99 95.68 93.00

VE: SFs NOLIEHFAE (spectral features, SFs), WFs A/NFFE (wavelet

features, WFs).

Note: SFs are spectral features (SFs), and WFs are wavelet features (WFs).
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WFs) RN FIRALE 5 IR, X b A R AIE S B B 20
FIERORE B (3R 6-3% 8) o WHRFEFFIE KRG, 1%|R[+1%
Importance-WFs 7E £ it Ml -3 4G PSS 4 v 35 3 B de
A, FC I 2 B R i B 1 HE B 22 35 = T 1%|RI-WF's il
1%Importance-WFs £ #E # % , 1%Importance-WFs % 15
RBER L, 1%|R|-WFs BRSO L AKX LE &ML &2 2]
BRURE RS, T [F) — /N REURRIE TR L 7 i, Bk |
FE & i MRl 735 0 R B Bk ELML 19 4 ff 22 5

2 SRR [ 4R 977 i% 773, ELM il BPNN R4 A F4
5E, RFIRZ, SVM BERIARE Mt 25« AN [ i Al ofp
AR B A G, JK21 #) 1%]|R]+1%Importance-WFs 5
ELM A5 A 4 A (RS FE B, I ZRER R 42 0 i ik 3
99.63% A1 98.28%. JK20 f] 1%]|R|+1%Importance-WFs
5 BLM K FE e, I S5 42 RNt 4 10 o o R 340 F
100%. XLZ64 P 3% Sy kMl A o, 2T 1%[R[+1%
Importance-WFs [ 4FIE 57 168 77 ¥ 5 - WL 28 L2 2H 4 11 )l

ZRAE AN B HERH R 1915 5] 100%.
xS OAERERNERBIHEER T ERBE

BPNN #1 RF ¥XZ., SVM MJHERfER L. X ELE—Hl 28

Table 5 Modeling accuracy of principal components of spectral features and wavelet coefficient features %
d XFEREAL SVM BENLAR bk RF M PR 201 ELM S FERRPHEE I 45 BPNN
Variety YIZ52E Train set MIREE Test set  YIZR4E Train set MALE Test set  YIZREE Train set MKLE Test set  YIIZR%E Train set MIXLE Test set
4F}21  PCA-SFs 89.55 86.21 99.63 87.93 96.94 91.38 90.29 87.07
JK21 PCA-WFs 93.96 92.54 100 93.1 97.76 96.55 95.52 93.1
4#%}20 PCA-SFs 88.43 87.07 92.16 91.38 95.15 93.66 9291 93.10
JK20 PCA-WFs 94.78 95.52 97.02 96.55 99.25 97.41 98.13 96.55
Bkt 5 64 PCA-SFs 98.99 97.67 100 97.67 100 100 100 100
XLzZ64 PCA-WFs 99.49 98.84 100 99.89 100 100 100 100
&6 JK21 XM RFHEEE M/ R ABHERREE
Table 6 Modeling accuracy of JK21 correlation and feature importancer of wavelet coefficient features %
Ei=2 CFF A EHL SVM BEHLAR#K RF PR % >IHL ELM RO AE IR 2% BPNN
Index 2545 Train set PR Test set  YZEFE Train set MRNEE Test set  YIIZR4E Train set MiAHE Test set  YIZEHE Train set JIXEE Test set
1%Importance 96.27 97.41 100.00 97.41 99.63 97.1 98.88 93.96
1%R| 72.76 75.86 100.00 87.07 97.76 93.97 95.9 93.97
1%Importance+1%|R| 97.39 95.69 100.00 96.55 99.63 98.28 99.25 94.83
Fz 7 JK20 XM RIFEEE VR RBFHEZIEEE
Table 7 Modeling accuracy of JK20 correlation and feature importancer of wavelet coefficient features %
fahr SCHF IR EHL SVM BEHLARK RF PR % >IHL ELM R LRI 22 2% BPNN
Index 254 Train set PR Test set YL Train set MIRNEE Test set  YIIZR4E Train set MR Test set  YIZEEE Train set JIXEE Test set
1%Importance 97.76 98.25 100.00 97.73 99.63 98.25 98.51 97.37
1%R| 87.68 85.09 99.25 92.21 96.27 93.68 94.40 90.35
1%Importance+1%|R| 99.25 99.12 100.00 98.25 100.00 100.00 99.63 98.25
#* 8 XLZ64 HHAM RFHEEEM/IVE R BIHERRRE
Table 8 Modeling accuracy of XLZ64 correlation and feature importancer of wavelet coefficient features %
febr SR EHL SVM BEHLARK RF PR % >IHL ELM R LRI 22 N 2% BPNN
Index YIZREE Train set MIREE Test set  YIZ5EHE Train set TMi4E Test set  YZREE Train set JIREE Test set |25 Train set MRS Test set
1%Importance 99.00 98.89 100.00 97.47 100.00 98.82 99.5 98.82
1%R| 97.00 96.47 100.00 98.82 100.00 100.00 100.00 99.5.00
1%Importance+1%|R| 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
3 %W ® orAT BB RE T B DI R AEBAR R E B W Mk

B NBRIE S H bR AR S AT OV 2 M, SRR
BRI FOARRT B2, (HTEAHIE 5 A 2 A 5 1 $E B 4%
A 77 (R BN R AR AAE S RS B R L AR T, T
T BE AR R AR AE 5 Z % P 1 7 72 58 BUUR R IE (1) A5
FEEEEAL, MeAh, KRR E % A et SR E &
BRI WFs 78 R FE/ A BIEA | 5FF 3% — R
N R AR ARG P e O R AR A s fE 6 A E 5/
BERFAE S BT B 98 ARFIE N — 3. G0 JK21 JEFAH e M4
HUH) 1%|R|-WFs 72735 18 T RA A B A1 524k
W FR SR AESS 4 RE E 550~650 nm Y8 A 0% 1 2
5, HETRHEEZEHESEEUY 1%Importance-WFs £ 24 4
AN RBE WFs SRS FE B maT 3 MR B, R G

ZLAN I PR UL B REAE o JK20 32 HU I 1%|R|-WFs.
1%Importance-WFs 7E X\ & 43 4ii L5 JK20 B4 R EE WFs
TR ABENS FE A A A A ROBE B AT A — 5, 7E6E 4
fi b, SRR BB DS REE D BT . XLZ64 F2HLH)
1%|R|-WFs 1 1%Importance-WFs £ & 7 XLZ64 ¥4 R
J WFs & 155 K B2 ¢ & 19 & )]E WFs,  1%Importance-
WFs 7E56 7 RE FIRHER 5B T &G I FREAZ
J] ¢ B 4 25 22 (1) 880~900 nm I [ (AR AE, 7E5H 1-3
REEE, #ET WFs #£ 950~ 1 000 nm & [ {130 21 4
W PRARRAE o UEIIARHIT FEHE H A 5 AR e M SR AE
BRI N R BURRIE VR R A — e A, B R
IIER RN T S AR A RO S R
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ERFHIEAFELL T AR: EFRNR E, K
£ T ASRNE 7755 0 Bt G Bl s g 2 8Ok 2 CWT
G DGR I AT AT, 6T H AR M R AR
BE— BRI, AHEFRTIEELT) bior6.8 /N ik U2 75
T T HAd A S R A R R R AL A, X T
XLZ64 1t T3 AbFE N Fp -1~ &3 I Fa bR SO T T2 1
H O S RR B T IR N IR AL o0 AT, AR 8 ROkt e,
AT UL EAZE, M — R S e .

4 & B

AWFFLLL JK21. JK20. XLZ64 =/ 5 Ff % 1k 4k 3
(LR P 0T G, SR & i R AN RS )8 2 ) o i
A%, JEXTLET gauss 4. mexh. bior6.8 &5/ I R SR
HUNBASAE (wavelet features, WFs) FRIRE ST, ik &
FA T I SR P o /N B ek B, IR Tz ek iR
BT 10 M REER) WFs, XL HERFE (spectral features,
SFs) 5 WFs #E47 E s 70 A, I S 13 J A I A%
RN ZFH MR, e 72T 1% |R-WFs. 1%
Importance-WFs 2 1%|R|+1%Importance-WFs 3 MFE{E4E
532 ¥ m&EHL (support vector machines, SVM) . BENL Ak
# (random forest, RF). #FR*>JH1 (extreme learning
machines, ELM) FR[AEFEIZINZ% (back propagation
neural network, BPNN) ZEHL % 2% > B8 4 & 1) i B kG
FE, FEHLAINSS R

1) XA [ERE T8 R (DG IERH IR AT I 22 /N AR
Helf, gauss4. mexh S5/ NECEE R BRI WEs 7R S R
FESEHOGUEAR A B, LT B RIRE RN, 10
T bior6.8 bR L H2 B ) WFs U ok H 8L Z B0 &, Ui ¥
bior6.8 R £ 14 JR) 5 14 A0S FR M W DA 2 38 5 AN [ 5
It A A e TS SR ) JR R ALE

2) XfHE PCA-SFs 5 PCA-WFs #4 #2 [1) 2 Pl #5 % ~J
RRURSE, T PCA-WFs BRI B2 2L T2 T PCA-
SFs B ARUKE R, X EUAH O PR FIRFAIE 21 S PR 0 I 1 3 A
INPEARFAE SR R PR A it PR BT3GR AR, T 1%R[+
1%Importance-WFs 1% 4 #% FE it T % T 1%Importance-
WFs [RERURE 551 1%|R|-WFs [ORRDRG B e e, &t
P HLAs % I B8, ELM #Effi % i . BPNN 5 RF X
Z, SVM iR,

3) XFEC & dn b T A R IE AR S LA IR A G,
JK21 P& IR A b i 2054 1%|R|+1%Importance-
WFS+ELM, Il 25 5 A0 I X 42 [0 #E 8 2% 73 55 9 99.63%-
98.28%; JK20 AL & N: 1%|R[+1%Importance-WFs+
ELM, Il ZREE AR B HERG 2 250 100%;  XLZ64 1)
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TER 159 100%.
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Detection of delinted cotton seed vigor based on hyperspectral
wavelet features

DU Wenling! , GUO Peng'?* , LIU Xiao®

(1. College of Science, Shihezi University, Shihezi 832003, China; 2. Key Laboratory of Oasis Town and
Basin System Ecological Corps, Shihezi 832003, China)

Abstract: The purpose of this study is to explore the feasibility of using continuous wavelet transform to extract spectral
difference information of different vigor desiccated cotton species.A method of filtering wavelet features (WFs) based on
correlation and feature importance is proposed to extract the fine structure and complex information of spectral features of
seeds with different vigor.Different vigor classes of desiccated cotton seeds were obtained through artificial aging experiments.
And its high spectral image was collected.The raw spectra are preprocessed with Savitzky-Golay smoothing, multivariate
scattering correction, first-order differentiation, and second-order differentiation.Then, the WFs extracted by wavelet basis
functions such as gauss4, mexh and bior6.8 were compared.Spectral wavelet features (SFs) and WFs were downscaled using
principal component analysis.Based on machine learning algorithms such as support vector machines (SVM), random forest
(RF), extreme learning machines (ELM), and back propagation neural network (BPNN), a seed vigor detection model was
developed for SFs principal components and WFs principal components. The accuracy of the seed vigor detection model was
compared between SFs principal components and WFs principal components.The fine spectral information in WFs was further
extracted based on correlation analysis and random forest feature importance evaluation. Including the 1% | R | -WFs feature set
with the correlation with seed vigor at the top 1%, the 1% Importance-WFs feature set with the feature importance at the top
1% in seed vigor recognition, and the 1% | R | + 1% Importance-WFs feature set with the combination of the two, and bring
these three WFs feature sets into the above machine learning model. The results showed that: 1) The bior6.8 function extracted
better WFs for different vigor desiccated cotton species.Other wavelet basis functions show a clear ringing effect when
extracting WFs.2) The modeling accuracy of the WFs principal components is higher than that of the SFs principal components
in all machine learning models for each species.The model based on 1% |[R|+1% Importance-WFs has the highest accuracy. 3)
The optimal models for seed vigor detection of Jinke 21 and Jinke 20 were : 1% | R | + 1% Importance-WFs + ELM. The
optimal model of Xinluzao 64 seed vigor detection is : 1% | R | + 1% Importance-WFs + any machine model and PCA-WFs +
ELM / BPNN.The accuracies of the training set and test set of the optimal model of Jinke 21 are 99.63% and 98.28%, and the
accuracies of the training set and test set of the optimal model of Jinke 20 and Xinluzao 64 are both 100%. The results indicate
that the method proposed in this paper based on correlation and feature importance can effectively extract spectral difference
information of different vitality dried cottonseeds, providing a new spectral characterization approach for seed vitality
hyperspectral detection.

Keywords: CWT; correlation; features importance; hyperspectral technology; seed vigor detection
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