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Recognition method for storagetime of tea based on
multi-sensor fusion of the electronic nose

XUE Dawei, YANG Chunlan

(School of Electronics and Electrical Engineering, Bengbu University, Bengbu, Anhui 233030, China)

Abstract: A recognition methods for storage time of tea was set up based on the Huangshanmaofeng tea under storage
time of 60, 120, 180, 240, 300 and 360 d detected by electronic nose. According to response curves of electronic nose, a
set of essential characteristic variables were selected. On the basis of these variables, principle component
regression(PCR), partial least squares regression(PLS) and back propagation neural network(BPNN) was applied to build
the prediction model for storage time of tea, respectively. Three prediction models were validated by test sample set. The
results indicated that standard error of prediction of PCR, PLS and BPNN models were 10.05, 6.04 and 3.21 d,
respectively; the maximum relative error 11.03%, 7.02% and 5.89%, respectively; the mean relative error 6.73%, 4.74%,
and 3.62%, respectively; determination coefficient between predicted value and real value 0.862, 0.896 and 0.987,
respectively. All of the models could predict storage time of tea well. BPNN was the model with the best performance and
PLS is better than PCR.

Keywor ds: electronic nose; storage time of tea; multi-sensor fusion; principle component regression; partial least squares

regression; back propagation neural network
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Fig.l Representative response curve of electronic nose under
different storagetime
x1 BOBEKFHETEMEXRY
Tablel Correlation coefficient of partial characteristic variables
X1 X2 X11 X12 X19 X22 X283 X29 X32 X38
X 1.000
X2 -0.513 1.000
X1 0.732 -0.578 1.000
X12 -0.546 0.853 -0.327 1.000
X19 -0.247 0.775 —0.403 0.864 1.000
X2 —0.465 0.794 -0.547 0.882 0.633 1.000
X28 -0.351 0.418 -0.329 0.642 0.484 0.649 1.000
X29 —-0.475 0.658 -0.551 0.810 0.863 0.727 0.805 1.000
X3 -0.514 0.852 -0.331 0.931 0.608 0.890 0.241 0.537 1.000
X3g -0.462 0.159 -0.379 0.593 0.550 0.623 0.874 0.488 0.665 1.000
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PCR Table 2 The eigenvalues and contribution rate of the first five
principal components of the basic characteristic value
PLS :
matrix
BP BPNN % 1%
P, 48.75 52.32 52.32
P, 26.82 28.78 81.10
2.3.1 PCR FRmAZAR! Py 9.63 10.34 91.44
P. 3.01 3.23 94.67
40 )
Ps 1.98 2.12 96.79
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1 96.78%( PCR 2
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Table4 Training results of BPNN with different node numbers

PCR PLS in hidden layer
Z
3 12.874 0.835 103
PLS 4 11.735 0.852 210
5 10.682 0.861 542
PCR PLS 6 10.455 0.902 1231
4 BPNN 7 10.643 0.883 2 005
BPNN 3 8 10.317 0.910 2243
9 10.176 0.872 3 624
BPNN PLS 4 10 9.098 0.975 1852
11 10.002 0.986 1767
4 12 10.219 0.943 3004
1 13 10.001 0.893 4216
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Table5 Performance comparison of three prediction models

SEP/d REpad%  REmea/% R
PCR 10.05 11.03 6.73 0.862
PLS 6.04 7.02 474 0.896
BPNN 321 5.89 3.62 0.987

*6 3 MINREEFHTUNE
Table6 Themean predicted values from three prediction models
/d

60 120 180 240 300 360

PCR 63.60 113.58 186.7 253.86 31490 345.64
PLS 63.00 11592 182.70 234.66 307.30 368.44
BPNN 60.80 121.42 178.20 243.72 303.52 355.40
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