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Rapid identification of flue-cured tobacco parts based on near-infrared spectros-

copy and ensemble learning
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Chemistry and Materials Science, University of Science and Technology of China, Hefei 230026, China; 2. China
Tobacco Chongqing Industrial Co., Ltd., Chongqing 400060, China)

Abstract: Linear discriminant analysis (LDA) and random subspace method (RSM) were combined to construct an
RSM-LDA ensemble learning model for the efficient and accurate identification of flue-cured tobacco leaf parts based
on near-infrared spectroscopy technology. Two key parameters of the RSM-LDA model, the dimension of subspace
and the number of classifiers, were optimized. Effects of different pretreatment methods, sample set composition,
and training set size on modeling were investigated. Results indicated that the RSM-LDA model built on raw spectral
data could yield the best identification, with accuracies of 98.89% and 98.33% for the training set and the test set,
respectively. In contrast to single-classifier-based identification methods, this approach offered higher accuracy and
better stability, and could provide a reference for efficient and accurate identification of flue-cured tobacco leaf parts.
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Fig.1 Training process diagram of the RSM-LDA model
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Fig.2 Spectra of untreated and preprocessed flue-cured tobacco
(a) Raw spectra; (b) MSC; (¢)SNV; (d) FD; (e) SD; () DT; (g) MMS; (h) MA ; (i) SG
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Fig.3 The relationship between ten-fold cross-validation
error rate and subspace dimension
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Fig.4 The relationship between ten-fold cross-validation
error rate and the number of classifiers
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Table 1 Identification results of the RSM-LDA model with different pretreatment methods

Pretreatment Training set accuracy/% Test set accuracy/%

method Upper Middle Total Upper Middle Total
None 100.0 98.15 98.89 97.92 98.61 98.33
FD 95.83 97.22 96.67 93.75 97.22 95.83
SD 91.67 92.59 92.22 89.58 91.67 90.83
SG 98.61 98.15 98.33 97.92 98.61 98.33
MA 98.61 98.15 98.33 95.83 98.61 97.50
DT 95.833 97.22 96.67 93.75 97.22 95.83
MMS 91.67 92.59 92.22 89.58 93.06 91.67
MSC 100.0 98.15 98.89 97.92 98.61 98.33
SNV 95.83 98.15 97.22 95.83 97.22 96.67
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Table 2 Identification effects of different models and corresponding optimal pretreatment methods

Optimal pretreatment

Training set/%

Test set/%

Modeling method
method Upper Middle Total Upper Middle Total
RSM-LDA None 100.0 98.15 98.89 97.92 98.61 98.33
LDA SNV 92.59 91.67 92.22 93.75 91.67 92.50
SIMCA SNV 91.67 92.59 92.22 93.75 90.28 91.67
SVM MSC 94.44 96.30 95.56 95.83 94.44 95.00
KNN FD 72.22 77.78 75.56 72.92 79.17 76.67
PLS-DA MSC 93.05 92.59 92.78 93.75 91.67 92.50
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Fig.5 Box diagram of comparison of the results of different
model training sets and test sets
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Fig.6 Influence of training set size on the model accuracy
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