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Sample data collection
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Fig. 2 Flowchart of tomato gray mold

diagnosis and classification
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Fig. 3 Hyperspectral images of inoculated pathogenic sample # 1 in the first 8 days
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Fig. 4 Hyperspectral mean reflectivity curves

of tomato leaves in different periods
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Fig. 5 Comparison of spectra with different pretreatment methods
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Fig. 6 Feature wavebands extracted by DWT-CARS algorithm for three times

(a): The first extraction; (b): The second extraction; (c): The third extraction
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(a): The first extraction; (b): The second extraction; (c¢): The third extraction

£ 1 DWT-CARS &% 3 RIBEURI SR ER

Table 1 Feature bands extracted by DWT-CARS algorithm for three times
DWT-CARS 77 i 1 2w 3 W
RFAE B BB/ A 5 5 7
FRAE % BE /nm 696, 765, 769, 838, 840 696, 767, 769, 772, 840 694, 696, 767, 769, 778, 838, 840
RMSECV/% 0.2959 0.294 5 0.297 4
B A FAE BB/ nm

694, 696, 765, 767, 769, 772, 778, 838, 840
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TE 5 A2 213 MR, BASEEEE 14 EEAR, 5 Ak
70 ANEEARH IR AR . FIRFEAR UG RN
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nm) & 37 3 Xt H 4y A DWT-FC-TLBO-ELM, DWT-
TLBO-ELM #1 DWT-CARS-TLBO-ELM # 17 %} .. Fl# %

B & K %F 7 Ao S 4 o 5 L RSB L [ ROR FL .
# 2 W[, DWT-FC-TLBO-ELM 5 DWT-TLBO-ELM #
TER B A5G RE S JLPARTR AR B0 R s A A T o
T DWT-CARS $# 5 9 A HFAE B BEA IR 50 2 Ko R .

Il S F1 B ARk B0 05 5 10026, LUAT A 2 JEOR R 4. 29
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AHE g 3 5 DWT-TLBO-ELM 5 g 5 2 A1 & 1 2 77 75

F A ZFR o FEA B 2l s DWT-CARS-TLBO-ELM #% %!
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Fig. 8 Confusion matrix of three model test sets
(a): DWT-FC-TLBO-ELM; (b): DWT-TLBO-ELM; (¢): DWT-CARS-TLBO-ELM
R2 AEAERSHRFERANMNKELRE, BHRE, BEEM F1E
Table 2 Model parameters and test set accuracy, accuracy, recall rate and F1 value
T BB i 4 iR g EOES F1
o B o REEREEE  EEE/ % R/ % /% /%
DWT-FC-TLBO-ELM 1.044 8 155 95.71 96. 47 95.71 96. 09
DWT-TLBO-ELM 1.044 8 70 95.71 96. 17 95.71 95. 94
DWT-CARS-TLBO-ELM 1 107 100 100 100 100

)P e M T AR AR o 5 e 7 60 K s AT B 0T AR
& ih 3 T DWT-CARS FRAEF2EUS 2% SEXT 45 — RN ddl
BEAT /N AR, it CARS kAT 3 AR BURHE B, X
3 WHR MR E P R AT B I LR E L I, A2 9 M4
fEP B . 694, 696, 765, 767, 769, 772, 778, 838 Al 840
nm, 38 i3 A DU T AR BR 2 > HL g a2 DWT-CARS-TL-
BO-ELM 7 jifi JK % 3 YL A5 B0 % 5 28 g g By B A9 s 3 i A
ROT K IEHEATREIN . Segn s R WY, 2 M 10 28 0 K 5 3 4 i
BB RO LA R X5 A BOrsz i A KR A [
Fl1 {5 100%,

i

34
AR AT R DR /N 15 I AT 540 A AR R O 3 IR R A
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Hyperspectral Latent Period Diagnosis of Tomato Gray Mold Based on
TLBO-ELM Model
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Abstract Tomato leaves in the infection of disease occurred after the first internal physiological reaction, the naked eye can not
observe, from the blade infection to the appearance of visible disease spots, for the left disease latent period. In order to achieve
the tomato leaf surface did not see obvious disease spots of gray mold latent period diagnosis. This paper is for the inoculation
samples for leaf coding, daily tracking, and collection of all encoded leaf sample hyperspectral image data, the establishment of
tomato leaf sample sequence hyperspectral data set. Based on the tracked leaf samples, hyperspectral data from the same location
area a few days before the appearance of visible spots with the naked eye were used for detection and analysis as latent period
data. In order to establish the diagnosis of the latent period of tomato leaf gray mold disease and the classification model of
different disease plaque levels, the classification model based on the teaching learning-based optimization algorithm (TLBO)
optimization extreme learning machine (ELM) is used to model. The input weight and hidden layer deviation of ELM are
optimized by the TLBO algorithm, and the model classification performance is improved. Data modeling was obtained in the
near-infrared hyperspectral band 388-1007nm band to obtain 5 levels of interest, and 213 hyperspectral data were sampled,
including health (56), latent (42), small disease plaque (43), major disease plaque (39) and severe disease (33). The best-
performing wavelet filtering transformations (Discrete Wavelet Transform, DWT) filter each type of data in the sample data
separately by comparing different spectral preprocessing methods. After DWT filtering, the five class spectral curves between
the 610 and 840 nm bands can be distinguished significantly, containing 91 wavelengths and a larger wavelength. Therefore,
competitive adaptive reweighted sampling is used (Competitive Adaptive Reweighted Sampling, CARS) to repeated the preferred
feature wavelength 3 times in the 610~840 nm band using DWT pre-treated spectral data and combined to remove duplicates to
obtain 9 feature bands: 694, 696, 765, 767, 769, 772, 778, 838 and 840 nm. Finally, three classification models FC-TLBO-
ELM, DWT-TLBO-ELM, DWT-CARS-TLBO-ELM, were selected for experimental comparison, in which DWT-CARS-TLBO-
ELM detection accuracy was up to 100% , and the potential recall rate was 100%. Using the minimum time of 0. 068 9 s, it is
shown that the model can realize the high-precision diagnosis and high-precision classification of the disease degree of gray mold
disease during the latent breeding period of tomato ash mold, and provide a theoretical basis for the early prevention and

treatment of tomato ash mold disease and the precise application of medicine.
Keywords Time series hyperspectral data; Classification of botrytis degree; Hyperspectral gleying diagnosis; ELM; TLBO
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