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Early classification and identification of rice seedlings and
barnyard grass in paddy fields based on ultra—miniature
ground spectrometer
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(1. Hunan Institute of Agricultural Information and Engineering, Hunan Academy of Agricultural Sciences,
Changsha 410125, China;
2. Hunan Branch of National Energy R&D Center for Biomass, Changsha 410125, China)

Abstract To explore the early accurate identification for rice seedlings and barnyard grass, ultra-miniature
ground spectrometer was utilized to collect the spectral information within 400 to 920 nm wavelength range
from the canopies of rice plants during the two-leaf to four-leaf stages and the simultaneously growing
barnyard grass plants. Characteristic wavelengths were selected by using Competitive Adaptive Reweighted
Sampling (CARS) combined with chemometrics. Classification Learner Toolbox by MATLAB was employed
for species identification to establish the multiple classification and recognition models. The results showed
that: The Partial Least Squares Discriminant Analysis (PLS-DA) model has the best phenotype based on SG
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smoothing-SG derivation-CARS processing. The model established in this study achieved 100% accuracy
in identifying the samples at the two-leaf stage in the calibration set, cross-validation set and external
validation set. For samples across the two-leaf to four-leaf stages, the correct recognition rates in the
calibration set, cross-validation set and external validation set were 100%, 98% and 99%, respectively.
Therefore,

the combination of hyperspectral technology chemometrics could achieve rapid, non-

destructive and precise identification of rice and barnyard grass at the seedling stage. This model can be

2024 4F 55 29 %

applied to precise control and elimination of barnyard grass.
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Table 1 Information on sample data collection
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Fig. 1 Technology roadmap
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(a) Rice cultlvated in the laboratory
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(b) 8% 5 H L
(b ) Barnyard grass cultivated in the laboratory
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(¢) Rice and barnyard grass planted in the field
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Fig. 2 Growth conditions of rice and barnyard grass cultivated in the laboratory and planted in the field
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Fig. 3 Spectral curves and principal component plots of rice and barnyard grass at different stages
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Table 2 Recognition accuracy of barnyard grass and rice using different treatments and modeling methods

HERI %/ %6 Accuracy

st 359 04 e TR e IE 4k 2 B UL H1 5 IR S
Stage Preprocessing Modeling method  Calibration ~ Cross-validation External
set set validation set
PLS-DA 99. 00 99. 00 95. 00
LR ) 100. 00 98.70 97.50
Jo ik 2 B
ZIKSVM 98.70 97.50 97.50
No treatment
T2 [|) ) 1) 100. 00 97.50 100. 00
RBF-SVM 97.50 88. 60 92.50
PLS-DA 100. 00 99. 00 95.00
. . 2R ) . . .
_— SGTF#-SG ok & & M) ) 100. 00 96. 20 95.00
7 SG smoothing - SG I SVM 100. 00 98.70 100. 00
Two-leaf stage derivati
erivation F-25 [6) ) 3] 100. 00 97.50 87.50
RBF-SVM 98.70 98.70 100. 00
PLS-DA 100. 00 100. 00 100. 00
2 PE A 100. 00 98.70 100. 00

SG Y -SG K F-CARS
SG smoothing - SG —KSVM 100. 00 98.70 100. 00
derivation-CARS

4 [l 100. 00 98.70 100. 00

RBF-SVM 98.70 98.70 100. 00

PLS-DA 99. 00 98. 00 97.00

2t 100. 00 78.80 82.50

JoAb H B
X SVM 98.70 95. 40 97.50
No treatment

45 Rl 100. 00 84.10 75. 00

RBF-SVM 92.10 80. 80 83. 80

PLS-DA 97.00 91.00 96. 00

. . 2Ltk F) . . 5.

I3 - SG W -SG 3k & & ) 100. 00 74.80 65. 00
Two-leaf to SG smoothing-SG —IRSVM 100. 00 92.10 95.00
four-leaf stage derivation T i 4 91 100. 00 83 40 6750
RBF-SVM 99. 30 96. 00 97.50

PLS-DA 100. 00 98.00 99. 00

2 pE 100. 00 97.40 98. 80

SGF-#-SG K F-CARS
SG smoothing-SG ZISVM 100. 00 94. 00 100. 00

derivation-CARS s 1 9800 96. 70 97 50

RBF-SVM 99. 30 95. 40 95.00
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