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F, [FHR ]I BEERM ‘MS =M 87 ‘MS-Yunyan 87" . ‘#4rft X4 T" ‘Honghua Dajinyuan’ . ‘=48 99’
‘Yunyan 99" A#H, HESAMAFEHE, KERRLQEMTHREASGLERE, BELFH. K. $HFEAH
AR, BAEMRENRE, FARMER S HRFEIIRE, IALERBEZEERTFR (SC) BRE, AAEEEZTHRE
% (UVE) 75 it B 3] 5] sk %, A FAF B 454291 % CNN-LightGBM 5 £ %, F kL A RBHTINBE, [BR] M
KRR, ENIRBEARITF TS, 48, 72 & 96 h 09 % TAFAPTIL-F 23R )2 ARE W, KA REARA R4F
R R, 5 RR IR BFHEA A4, UVE P34k 48 4L604 CNN-LightGBM #9425 R AL AE, MX4EEHE
% 88.90%. B FH K 97.40%. F1 5 4h 91.40%, A M E KA MSI217 3B L6 A 2O I F SRR R A
85.58%, WRILHAEA RAFayss bR S Bzt ., [ &8 ] 25T SG M4 5 UVE 480 B if it 77 i 454 CNN-
LightGBM #: 7 64 5wk, T LI BERER T EAMZHH. sk, L&aupolstbmfrFiEsmmne ik,
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Tobacco seed vigor classification based on hyperspectral
imaging and ensemble models

PAN Wei', ZHENG Shuwen®’, YANG Xiaodong', QIAO Yu', MEI Yuan', ZHANG Limeng', GUAN Yajing’

(1. Research Center, Yuxi Zhongyan Tobacco Seed Co. Ltd., Yuxi 653100, Yunnan, China; 2. Advanced Seed Institute,
College of Agriculture and Biotechnology, Zhejiang University, Zhejiang 310058, Hangzhou, Zhejiang)

Abstract: [Objective] To develop a rapid, non-destructive vigor classification method for micro-sized tobacco
seeds based on hyperspectral imaging and an ensemble model. [Method] Seeds of 3 cultivars (‘MS-Yunyan
87 ‘Honghua Dajinyuan’ ‘ Yunyan 99°) were subjected to multiple controlled-deterioration gradients, and
population-level hyperspectral data were acquired across treatments. A seed vigor index (SVI) was constructed
by weighting germination potential, primary root length, and seedling height, and a threshold was applied to
assign high/low vigor labels. All spectra were denoised with Savitzky-Golay (SG) smoothing; discriminative
wavelengths were selected via uninformative variable elimination (UVE); and a CNN-LightGBM classifier was
trained on the compact features. External validation was performed using an independent cultivar ‘MS121°.
[Result] SVI decreased markedly with longer deterioration; seeds treated for 48 h, 72 h, and 96 h were almost

entirely classified as low vigor, indicating that the predefined threshold provided a clear decision boundary.
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Among feature—-model combinations, UVE-derived compact features coupled with CNN-LightGBM performed
best, achieving 88.90% test accuracy, 97.40% recall, and an F1-score of 91.40%. On external validation with
‘MS121°, overall accuracy reached 85.58%, demonstrating robust cross-batch and cross-cultivar generalization.
[Conclusion] Integrating SG preprocessing and UVE-based wavelength selection with a CNN-LightGBM
classifier enables efficient, accurate, and non-destructive vigor classification for micro-sized tobacco seeds. The
pipeline shows promising transferability to other small-seeded crops and offers a new avenue for quality
monitoring in such crops. [Ch, 6 fig. 2 tab. 25 ref.]

Key words: tobacco seeds; hyperspectral imaging; CNN-LightGBM; seed vigor; non-destructive testing; seed

vigor index

Y Nicotiana tabacum 2 E 2255 & J 0 8 22 =\l S AEM 5 o o A 00 B b 2 AR b A = 4 R i
BT A B P i Horp, B TE R AR RN B E RO R bR, R BMEY A KK
B R, SR, ARGERFNFT5 1 0FAL O vk SO T IR R T4k 2,3,5- 504k = R 3 DO A
(TTC) Hefr . HL R MM 2 AL 5Tk o ISR Iy L 75 B R A1, [RIA Al it FR A2 2% . FERTHE
71, CMELU R IO Ak . To . RS HERIANF TR TR R . RO R ERE R RS T RS
G S M B SRR, WIFEARBEIR R AUEOC T, A R] K s Pl 7 sk AN, 4R 5 i
N REARVRIA, , SEI TR T A . TR ik AR B AR T R R AR M R AN 2 o Y
B IR FE 5 . AMBROSE 451 ] 400~2 500 nm i B4 55 ' 115 G B A 4 591 e PR AL RS K2 R Ak 3 £
2 T 17K E oK Zea mays FhFHE, I EE ST A I /N T 0 1) 43 B ABS TR A v S AR 0 4 1) 46 5311 5l v
ik 97.6% 1 95.6% . KIFIFAES LIROKI/NAZ Triticum aestivum TP BI04, AT 6T IR R G0k
RS GRS B, R 2R AL B 07 vk 7 s 5 SR/ N AR AR5 J1 Y PLS-DA B, HR LR IE
A RN TN 4 F R R S5 ) AE 00 2R 43 301 R 86.7% N 85.1% A1 B S LAAN TR 1 () FRAL /N 22 b 1~ SRy BF 5 6k
%, HEDGIEGRTEH 400~1 050 nm (9= DGIE £, T H] CARS 3k URFAE I BO A 7 1 SR ) o
HL(SVM), K IT4E (KNN), — 45 B2 M4 (IDCNN) 5 R0GHE 18 1 5 11 B B 2 M 4% (ECA-CNN) 3
4 Ff/NZE BB SRR, AR AER N 86.67%, AFHAFRN 92.31%, 11K 80%.

TS BURTIARTE KRS Oryza sativa, FK . /NZSE TR 05 TR b B T 35 0 g, (BT XN
RLRP - JC A VRN BRI R B, B IR R AR, HOP I TRIE AR 0.080~0.092 g, FAURLAR B A5
HARZ) 315~630 pm, J& T AU NRIF o A SDOGIE R 5 2 0 KRS Rl P, ELUA R
PURLFR RS A0, FEXE M URLRR T RIOR MR B . LA SR TR s e S A S R IT
AR AR, anfer DX S8 58 2 B0 h SR O AR, LR PR ME A

BRI, AR LU RS R R s 42, R UG R AR RO B, i Bl B 35 Rk
T BEE BRI, (s B4R i TH 557 (uninformative variables elimination algorithm, UVE). a4+
H 18 W B INANGE 7 (competitive adaptive reweighted sampling algorithm, CARS) FIEZE 52 51 (successive
projections algorithm, SPA), ik S INe AT J1 8 VIA YRR IE AR 1, (T AA ML 2 ) A A |
TRIE 2 ) iy FAE AR T 22 M 2% (convolutional neural network, CNN) DA A JETF CNN-LightGBM(CNN-light
gradient boosting machine) & Ji % 44 (4 40 R 1% 37KV 43 RAG IR AR | S B DA AR B A=A 4] 7 S AR A )
RLR RS 1 SF A HER S5 o AR RN T AR B SR A T A H AR A 2, o HABEY)
T IR BT i () PR TP AL T B

1 MBS 7%

11 HmAEHE

L1l ArF 44 BIRUAE E2OR A T E N R0 3 FR s S A A ( ‘MS 24 877 “MS-Yunyan
87" . ‘4L K4IC° ‘HongdalJinyuan’ . ‘=4 99"  ‘Yunyan 99’ ), TERLAYEGUERRY, G0 T
FA CMS1217 , Bl EED M A RTHEA A4t BORF RS, XER 3R AT AR SR IE
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B13ik 95% L L, W FhFiArEAE 4 °C vkFEH &

112 3415 B2 MR FRE S AT 0 25 728 b B Hn s A o M P v TR A 1 0 R AR 4
EokAR, AT EKEE 20%, B THRERPEE, 164 °C UMM 1d, KR HNE TRk
R, (4520.5) CHBUEREIR R0 Ab3E 0, 12, 24, 36, 48, 72, 96 h, FMHELNFELAE 7 AR AL
PR E] ) 5 AR, TSR

1.2 #iRl s
1.2.1 A F o9k BAR R B H AT OB/ 2040 = 0t 1% BUIR R 48 (ImSpector VI0E,  Spectral Imaghing
Ltd., ZF=2) SRICFPF im0 RS B . IR RS E A 414.6~1 017.5 nm P B, 403 0 HER K

2.8 nm [ CCD #H#L (ZYLA-4.2P-USB3.0, ‘&l /KA E) FURITIR AT 6.5 pm 145k (XENOPLAN 1.4/17"
400~1 000 nm), FEahEE 2 SR AT, BB ALEH 5L SR AR 60 cm, BRANH[A] 2545 A8 A RS Y
FiFig®E ISAER, BHEE 0.05 g MTHSHMEIE, H500, Frrisp, S0 FT LA
[ A = (5 A7>3 91) B, SRIE LA 8 mmes™ A6 s BEF 4, MROGAT RIS 20 ms, LASKAR itk
FIG  SRAE AR Pl FH 8 4 il B UGS IE 1444 Spectra VIEW,,

122 ARERF KL BAMFES SRR R PR E 15 DN REFRE, B0 ER S50 kAT, 7E
30 cmx40 cmx4 cm B TR G  RCE B & 2R AR, BA, RIREBE N (25+1) C, DL 12 h)EHE/
12 h BEEAEERZF 14 d, BRISIE R 7 R 2F3F R, AR EE =2 mm MR R 2F . 55 6 R4E
i1 & ZF 3\ (germination potential, Gp), 14 d Giil /& 2% (germination rate, Gg)o

Gp = % X 100%:

t

Ng
Ge = - * 100%-

Hrb, N RS 6 RN IER ZZFIFTEL, Ny KR 14 RIIER K780, N A7
oy
123 #F& A 483K (seed vigor index, Igy) 33 TERZFH 14 K, WaEBNELZ Y EREK (primary
root length, Lpg) AT 5 (seedling height, Hq). =% ZHU 25U {58, REEE Igy AT RAL B 1 &
WUBA A2, ASBESE R T R FHLAS 2 2 R E 2 Bk o DL Gp. PRL M SH #6845 M ARHIE, 5
14 K EZFH=92%(GB/T 21 138—2019) =i J A HEA R e, FIHBEPLERAR (random forest, RF) J36%t
AN i s ey N 7o i 2 R Oy RN & 110 8 0y G = N s i a3 U e o = A
T AT Iy WEMERAGE, M Gp. Lpg S Hg WAE, FARIGAZITE Igyo
Isv = WopGp + WprLLpr + WswHs -

Horbre Igy MG IREG Wap Wore Wew 7304 G Lpg K Hg YA
124 RERFERB OGEIUS R E A OGEER M S A ELS, SIS . S T
DI RAR BGRB8 ROL T B R 43 Fh - F 5ok B G X B (RODM, 4R Ji5 3 2
ENVIS.I(ITT Visual Information Solutions, 3% &) #2Ht ROI H (1 F- 14 5615 K 5% .

e TS R 1y bR IR SR Tl Y TR 20 0 L I A SR TET SR K SRR 99.99% AR
F R AR B SRR AR R P S B, IR i DR RE . R Gk s e B4k, WEtn
HEBR AR B e . ARAE A, THRE R AR IES BGE S 1.

_Ih-B

1 BxlOO%o

1.2.5 B Aot @Ik TEMER TSGR EIRBGI R T AR EZ TR E . T T
PR 2, X SR 1 G B 43 3 3617 2 o0 B A% IE. (multiplicative scatter correction, MSC). FrifE IF 2%
A% $ (standard normal variate, SNV)., — 5 %4 (first derivative, FD) LA } % FL 15 (Savitzky-Golay,
SG) AbHE . SHiZWr s BT, BT [REE B A (Rl AL S A G R A T T BRI, X LR
ROR AR AL T VED i T T RE M OSSR R 5, P20k a 2 MAAEILar: . TiR
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PE, 52 M AR 00 () v 32, DR R AL BT A O AR S AT AR AR B B Ak . SR SR AL
(successive projections algorithm, SPA). j&f&5.7% (genetic algorithm, GA). Jofi B8 {HFR (uniformative
variable elimination, UVE) 55 J5 B A TRRE AR £ i 1

12,6 #EAM#ELEE  RJH Kennard-Stone J5 1% LA 4: 1 1 FLIROGIE i 43 252 D IIZRFEA A 63 4
MRAREAS . AR GEALER 2 2] 7 VRl = B T TR RS B AR IE T2, A5 FEUR R RA, MRS
SR AR BEAE F SRR Z AL, (HFF 2Kt S A AR A T A R 2, AERE AR 32 B sl 5t A~
GO 5 R ARG, ZARRE 132 38— Hil 2.

Uk, ASHESE BT Y CNN-LightGBM 42 B B 17 55 F H CNN A RRIE B DL 3500 i3 e i B 120 1 7
WSS, 8 — 45 PR G IE I Bz 1) 0 23 (B R AR JCHR M, A 80 4 B v J2 Ok ) o 2
fiF 5 BJEFE LA ONN SRECH VR BERRAE A, 383 LightGBM 432 28 X RRAE U AT R 2027 21 45 e S 10 331
FEH TR A3 RlG T TR BE 24 > WRFIE 2R 15 8 71 A1 LightGBM SR < 2 e )1, AR T T 0SR-3 ke
155 B MERPE AR E P, MRS 05 ) T S At 1 S HER Y

BEAb, B 5E R FH R R 1 2 58 UK (GridSearchCV) kM, X G4 S50t 1T R G R 51k,
HEMRBURA 2 & MR T Iz e ) S is FACR .

127 2RR4E  GEEE RN TREHE R LURCH WA S PPl R bn e AL A T P4
OV ZrAE AP A TR 25 5% e 3l %) e P AT DL B UL o SRR A P R P s s . itk —25
PEABEAIPERE , T T HERAR (accuracy, A), BIIE#HHINAIREARSCS BAEEAREZ
_ Tp+TN
Tp+Tn+Fp+ FN
He, Tp WEBAVEREAS Ty WEIIHREARG Fe MRBAVEREASE Py IR BAIEREAR RS

QIRVEHE . TRVE B AT L ELWL IS JE 7R 73 BRI AR AN [ 2 500 Z [l (iR 43 RGO o b IRVE R RS, W]
PLE— AR A BPRE % (precision, P). #4115 (recall, R) Ml F1 3% (F)) S-48 15, XLEARPRAELE &+
RS SRR A

KGR AR F1 % R R 2 2SS TN IE 2R REAS SRR R 1E 281 L il

Tp
T Tp+Fp
73 Il 3 )2 S B o IE R AR 4 TE A T A T 2 A L A3
Tp+Fn

Fy BRI FPREREY), TS5 BRI,
PXR
Fi=2Xx——,
P+R
BTG TiAL B RAE I B e £ LA M A5 R F # fF MATLAB R2023a (MathWorks, 3&[E). Python3.12 H
AT,
1.2.8 BAFZMEE BURE SR ‘MS1217 FFIE AR AP, X8 4E U T SVI AU E 4

BE. I A0 R 5 DR AR A TR A 2 M B
2 #R5i4

21 STREIEEMFLFHEMN

HIEE 1 AT DL 3 AN SRR B AR B & 2R 4RI R 25 23R A I 45 A8 I TR) B4 T o R, (LT e i % 5 T
AR NFHER B2, BIKNS, LR ‘MS =Ml 87 FFHIK ZEH Ik 903.33%, & 48h 748
G, RFEHRPHE TR, 72 0B RZEREER 0, KIERN 43.20%; ‘A KREITT WK FHH
91.07%, 5 ‘MS =il 87" TWEXEF, HAE48h LG, KAFEFWME FHE, 72 h & EHE R 0,
KRG ERIRE 56.13%; =M 997 FEFMFH] (36 h) 25728 IS4 B IF & 283, 72 h & 28553k
65.20%, 96 h I & ZEHWER 0, T Ei g5 A2 Re W AL TRIPIE o 3 > AR R m 09 28 fh 34 Bt 5 28

% 100%:;

x 100%;
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RPN R ZFH . R Sl SR A 2 258 1k
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Table | Germination performance of tobacco seeds under different deterioration times
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Figure |  Feature importance of GP, PRL and SH (A), and grouped scatter plot of SVI across different treatment times (B)
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Figure 2 Spectral curves after different preprocessing methods
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Figure 3 Outlier detection using Mahalanobis distance
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24 FHRESH
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X3l 4 7 R R R L BRI R . X — IR AT R SR T AEAR R AR N K o B i M Se g Pk
DL e Al i g AR A 5E,
25 ETFHEEBRFEATENRIEEEZEST

SPA Bk B i 22 R R AR i 4R . WIEl 5B o, BEEBBECE I, 22X
UEH)J5 MR 22 (root mean square error of cross validation, RMSECV) & #iF&A% s I BLEGAR] 15 B, ¥R
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1% 22 (root mean square error, RMSE) fix /)> (0.228 2(5) i
9), MG mEA FHE . Bl SA R4 SG Wb B 45 L
SPA M\ 198 4Gl I K A 6 Y 15 MR AF i B sl
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Figure 5 Feature-wavelength selection results using SPA, UVE, and CARS
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Table 2 Model performance after feature selection

MRS MR EE
LR A (il AR
KR % BWR% FIo8 EWERY  BR% BER% FIOE #ERR%
LightGBM 15 100.00 100.00 100.00 100.00 76.70 89.20 82.50 77.80
RF 15 100.00 100.00 100.00 100.00 88.64 88.64 88.64 84.13
SPA CNN 15 76.30 76.84 76.55 78.57 76.61 74.18 75.00 77.78
CNN-LightGBM 15 97.60 98.80 98.20 97.60 80.50 89.20 84.60 81.00
LightGBM 66 83.40 94.00 88.40 83.70 76.10 92.10 83.30 77.80
RF 66 93.49 95.18 94.33 92.46 81.40 89.74 85.37 80.95
UVE CNN 66 78.52 78.36 78.44 80.56 78.53 78.11 78.29 79.37
CNN-LightGBM 66 95.70 94.00 94.80 93.20 86.00 97.40 91.40 88.90
LightGBM 28 75.70 97.60 85.30 77.70 66.10 97.40 78.70 68.30
CARS RF 28 92.68 92.68 92.68 90.48 85.37 85.37 85.37 80.95
CNN 28 75.12 74.03 74.44 76.16 77.78 75.55 75.55 75.55
CNN-LightGBM 28 87.30 82.50 84.80 80.50 73.50 94.70 82.80 76.20
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Figure 6 Confusion matrix of the SG-UVE-CNN-LightGBM model for
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