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Research on discriminating wine varieties based on electronic nose
and LightGBM algorithm
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Abstract: Aiming at the problem of wine identification. the odor F)FH 32 B A a3 By s A0 i ) 50 ar B 6T 4R s AT A
information of 7 kinds of wine was collected through the  Hr.miTh 40 T 4 Fhi s S5 EE S . VP42 R H
electronic nose, the LightGBM algorithm was used to learn the TEAE LA B S T B T A Tk AT
odor characteristies of the wine, and the TPE hyperparameter op- W] ST FE S B4 A AT R ) S A BT A A T i
timization algorithm is used to adaptively optimize the HyperGB 155300 AT 45 BT« 92 0T X A 4 0 R E L sl 2
parameter of the LightGBM algorithm, Verilication is an 2271 ) P o T 8 R T AR A A e S T R L T EE S R
indicator to evaluate the performance of the model. The experi- ER SRR TURAE G ESER, ST
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LightGBM in wine variety identiflication and provides wine identi- LightGBM f& —Fp i ¥ 2] ﬁ'f AT B 1) K3l 5
fication a fast, reliable and effective analysis method is also sug- KEeS) ARG el & 2T PR (U
gested. and more excellent algorithms can he introduced into the AT N AR T s O B G AY 0 0L E H

mental results showed that the diserimination model established
by LightGBM had a 96.62% accuracy rate for wine samples,
which was superior to traditional support vector machines.

random forests, and neural networks. It verifies the superiority of

field of wine smell data mining machines. FIT I oA L G 7 8T 67 0 0 R s 1) b b DGR L o 4
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Sensor response diagram
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Table 2 Hyperparametric information
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reg_alpha 0,1 L1 3 {8 o ) 44 20 0.12
reg_lamhbda (0.1) L2 BLAE IF W) 1k 151 0.6
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Table 3 5-fold cross—vaidation method for accuracy of
LightGBM model in test set
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Table 4

S-fold cross—vaidation method for accuracy of

different algorithm model in test set %
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