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Table 1 Statistics of experimental data 2017-2019

A Aroma type 2017 2018 2019 St Total
17 Y Fragrance 25 11 40 76
1770
IEEtlejrjidiate fragrance = 10 oz 104
WA Strong fragrance 22 7 29 58
FEA L Sample size 89 28 121 238
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Fig.1 Pre-processed NIR spectroscopy
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Table 2 Summary of super-parameter values
557 Model #BZH Super-parameter UE Value
learning _rate 0.01
n_estimators 700
max_depth 8
XGBoost min_child_weight 3
gamma 0
subsample 0.5
colsample _btree 0.7
estimators 40
BB max_depth 5
Random forest max_features 9
min_samples_leaf 7
min_samples_split 17
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Table 3 Distribution of data set

FH Aroma type YIIZ4E Training set  JiK4E Testing set

15 & Fragrance 58 15
7

(T . 83 21

Intermediate fragrance

WA Srong fragrance 49 12
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Table 4 Results of the model trained
by all data of NIR spectroscopy %

plEERRTE S ToEI A AR

Average of training  Average of prediction

57 Model

accuracy accuracy

BP #1 2 W 4% BP neural

90.63 58.75
network
XGBoost 100.00 76.25
ALK Random forest 100.00 65.42
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Table 5 Results of the model trained by characteristic

wavelengths of aroma type %
UlIE T ESO]EN T A A A
175 Model Average of training Average of

accuracy prediction accuracy

BP 1 22 M 4%

87.57 75.83
BP neural network
XGBoost 100.00 90.41
FEHL A Random forest 100.00 89.58

®6 IMBFRMKETNARE

Table 6 Results of mean prediction accuracy

of three types of aroma type %
BP #1244 .
F M Aroma type BP neural XGBoost HEBLAR
Random forest
network
757 Fragrance 72.00 85.53 84.00
e
e . 75.24 94.29 94.29
Intermediate fragrance
e 1l
Kol 81.67 90.00 88.33
Srong fragrance
At Total 75.83 90.41 89.58

£7 ARHIEETHERTHER
Table 7 Results of model under different datasets  %;

FEHLARA Random forest XGBoost
G/ YIZRerf BOUAERR  IZRERR T ER, 5
Data set Training Prediction Training Prediction
accuracy accuracy accuracy accuracy
PR 1
HesRIR 100.00 95.83 100.00 93.75
Data set 1
Hegdk 2 100.00 91.67 100.00 89.58
Data set 2
" 5
BiEsR . 100.00 87.50 100.00 89.58
Data set 3
" ”
HtEse 100.00 87.50 100.00 89.58
Data set 4
" -
HBRER 100.00 85.40 100.00 89.58
Data set 5
YI{H Average 100.00 89.58 100.00 90.41
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Predicting aroma type of cigarette recipe module
based on near infrared spectroscopy

WANG Lin',ZHENG Mingming®, WANG Chong”, WU Qinghua®, CUI Nanfang®, LI Jianbin®

1.China Tobacco Industrial Co. Ltd. at Hubei Province, Wuhan 430040, China;
2.College of Management, Huazhong University of Science and Technology, Wuhan 430074, China

Abstract A method for predicting the aroma type of cigarette recipe module based on near-infrared
spectral feature dimensionality reduction was proposed to classify and identify the aroma type of cigarette
recipe modules with near-infrared spectroscopy. The near-infrared spectral data of 238 cigarette recipe mod-
ule samples from 2017 to 2019 were selected to construct an aroma prediction model based on feature vari-
ables through combining the recursive feature elimination method in feature engineering and three machine
learning techniques including BP neural network, random forest and XGBoost. Compared with the classifi-
cation effect of full spectrum data training, the spectral feature variables filtered by recursive feature elimina-
tion method effectively improved the recognition accuracy of aroma type of cigarette recipe module. Among
them, the algorithm of XGBoost had the best classification performance, with a model recognition accuracy
of 90.41% for the test set. It is indicated that the prediction method of aroma type based on the recursive
feature elimination of near-infrared spectral features has a certain role in assisting decision-making in the
rapid positioning, scientific evaluation and cigarette formulation design of cigarette recipe modules.

Keywords tobacco; aroma type; near infrared spectroscopy; recursive feature elimination; random
forest; XGBoost
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