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A fast detection Pu-erh tea storage based on the voltammetric

electronic tongue and one-dimension CNN-ELM

# IE & K &'
YANG Zheng-wei' ZHANG Xin'
T T

LI Cai-hong'

FRAE Z

LI Qing-sheng"

YUAN Wen-hao'

' TEE

MIAO Nan' WANG Zhi-qiang'
3EET A A
MA Yun-xia®* ZHOU Zhi*

IR TR FH AR 2 S EAR R IR T 2550492, MMM rh PS5 5 BERE . ILAR I 255026)
(1. School of Com puter Science and Technology, Shandong University of Technology, Zibo ,
Shandong 255049, China; 2. Zibo Integrative Medicine Hospital , Zibo, Shandong 255026, China)

WECRARZ ST &35 R B R Ry 50 5% 2t 47 b
wAEM ., WRAEFIHRIANE & T EHHEXRA P,
RE—HET—gERMYZERAEQ-DCNN) 5 HRE T
ALCELM) 48 4 649 42 X 37 ] 42 & (1-D CNN-ELM), % A
G SR AT E 2 SRR B R R eGSR i
A REMN GREAN. SHELTERIETHRODOWD
24 X Hd AL (SVM) S AR R % 5] 4L (ELM) 49 4% 2 48
bt ,1-D CNN-ELM 3£ 5 25 e 3% 5 FR 69 o £ 20 R & 1%,
A X EEAFE A FE. B G FEF Fl-Score 4 ) ik 3|
98.32%,98.0%,98.0%,0.98, XI AW IEE S T F kiE
ATEFERTRAEXRANLE, LAARGH S
KA Ao 2 AL B

KRR L F R RER — B RN Z R MR T
M REEF &

Abstract; Pu-erh tea storage year detection has the problems of
cumbersome operation and complicated evaluation process. On
this basis, a voltammetric electronic tongue (VE-Tongue) came
out for fast detection of different storage years of Pu-erh tea.
Conventional pattern recognition method of VE-Tongue was

mainly based on manual feature design combined with shallow
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machine learning algorithms. In this study, a deep learning algo-
rithm was introduced into pattern recognition method of VE-
Tongue. A hybrid pattern recognition method based on combina-
tion of one-dimension convolutional neural network (1-D CNN)
and extreme machine learning (ELM) was proposed. The 1-D
CNN-ELM model combined with VE-Tongue was utilized to dis-
tinguish Pu-erh tea with five different storage years. The result
showed that compared with traditional models based on discrete
wavelet transform (DWT)

machine (SVM) or extreme machine learning, 1-D CNN-ELM

combining with support vector

model gained better classification performance, in which the ac-
curacy, precision, recall and F1-Score were 98.32%, 98.0%,
98.0% and 0.98 respectively. This experiment illustrated that
deep learning algorithm was suitable for pattern recognition dis-
pose of VE-Tongue signal and could obtained superior
classification accuracy and generalization ability.

Keywords: Pu-erh  tea; storage  year; One-dimension
convolutional neural network; extreme learning machine; volta-

mmetric electronic tongue
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Figure 1

VE-tongue system
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Figure 4  Structure of 1-D CNN-ELM model
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i WimixR/%  HEHR/Y%  Fl-Score 28
DWT-SVM 91.0 91.0 0.91
DWT-ELM 94.0 94.0 0.94
CNN 96.0 96.0 0.96
1-D CNN-ELM 98.0 98.0 0.98
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