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Non-destructive Detection and Visualization Analysis of Propylene Glycol
Content in Processed Tobacco Leaves Using Hyperspectral Imaging
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(1. School of Mechanical and Electronical Engineering, Lanzhou University of Technology, Lanzhou 730050, China
2. Technology R&D Center, Gansu Tobacco Industrial Co. , Ltd. , Lanzhou 730050, China
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Abstract; The application of trace amounts of sugar solution additives to tobacco leaves is a critical step
in the tobacco processing and cutting technology, significantly impacting the physical and chemical
properties of the leaves and enhancing cigarette quality. However, current precision detection methods for
sugar solution additives primarily focus on dosage monitoring, lacking an evaluation of the post-
application effects. The hyperspeciral imaging technology and deep learning methods were utilized to
perform non-destructive detection and visualization analysis of trace additives in tobacco leaves after sugar
solution application. A prediction system based on a deep learning convolutional neural network (CNN)
model was developed, incorporating multiple spectral preprocessing methods and feature band selection
techniques to optimize model performance and improve the detection accuracy of additive content in
tobacco leaves. Spectral data from tobacco samples with varying proportions of propylene glycol were
collected by using a hyperspectral imaging system. The data were preprocessed by using three methods:

standard normal variate (SNV) , multiplicative scatter correction (MSC) , and Savitzky — Golay filtering,
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which were employed for data preprocessing respectively. Feature bands were selected through

competitive adaptive reweighted sampling ( CARS ), principal component analysis ( PCA ), and
identification of spectral trough points, resulting in six common consistent key wavelengths at 1 146 nm,
1614 nm, 2511 nm, 2517 nm, 2522 nm, and 1 941 nm. CNN, random forest (RF), and partial least
squares regression ( PLSR) models were constructed to predict the additive content, with hyperspectral
data visualization conducted by using the CNN method. The results showed that the SNV — PCA — CNN
model achieved the best predictive performance for both the training set ( R. was 0.988 0, RMSE was
0.002 0 kg/kg) and the test set (R} was 0.989 6, RMSE was 0.002 1 kg/kg), and the cumulative
contribution rate was close to 99% by taking the first-four principal components, demonstrating excellent
fitting and generalization capabilities. The predictive ability of the deep learning CNN model significantly
outperformed the performance of traditional machine learning methods RF and PLSR, reflecting the CNN
model sufficient generalization capabilities for hyperspectral data of tobacco samples with sugar solution
additives. The combination of hyperspectral imaging and the CNN model showed great potential for

detecting trace additives in tobacco leaves, providing technical support for non-destructive testing and

2025 4

precise control in the tobacco processing industry.

Key words: processed tobacco leaves; propylene glycol content; non-destructive detection;
hyperspectral imaging; convolutional neural network; competitive adaptive reweighted
sampling algorithm
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Tab.1 Quality percentage of tobacco leaf samples with

different proportions of added propylene glycol
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Fig.2  View of sample after applying trace amounts of

propylene glycol in shortwave infrared range, corrected

by black-and-white board
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Fig.3 Curves of original spectrum and three preprocessed spectral curves
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Fig.4 Average spectral curves of tobacco samples with

different gradients of trace propylene glycol application
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Tab.4 Prediction results of various models based on CNN

HEBE R i€ IS ML 4R
fEPEK Wb RMSE/ RMSE/
Ik VRS (kg-kg™") (kg-kg™")
FUEHE 0.9676  0.0036 0.8595  0.0037
SNV 0.9086 0.0056 0.8575 0.0070
4 B
MSC 0.9775 0.0027 0.9719 0.003 4
S-G 0.8070 0.0082 0.7523 0.009 2
FA%E 0.8590 0.0072 0.8129  0.007 1
SNV 0.9493 0.0043 0.9681 0.0029
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MSC 0.9418 0.0045 0.9039 0.0057
S-G 0.8630 0.0065 0.8990 0.0069
FEBE  0.9053  0.0054  0.8967  0.0069
] SNV 0.9880 0.0020 0.9896 0.0021
peA MSC 0.9867 0.0021 0.9853 0.0025
S-G 0.8897 0.0065 0.7861 0.006 4
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Tab.5 Comparison of prediction accuracy between

different models

Y ghtE ik A
o] ] RMSE/ RMSE/
R
(kg-kg™') (kg-kg™")
SNV — PCA — CNN 0.9880 0.0020 0.9896 0.002 1
MSC — PCA — CNN 0.9867 0.0021 0.9853 0.0025

JFE IR - CARS-RF  0.9756  0.0022 0.9410 0.003 4

B K dli— PCA — RF 0.9714 0.0024 0.9223 0.0038
JEBh KR - & i B -

0.9602 0.0028 0.9420 0.0033
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Fig.7 Visualizations of tobacco leaf distribution with

different micro-application ratios of propylene glycol
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