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Age detection of mature vinegar based on electronic tongue and electronic
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Abstract: Objective: In order to realize the rapid detection of the
brewing age of mature vinegar. Methods: Electronic tongue (ET)
and electronic nose (EN) combined with Densely Connected Con-
volutional Networks-Extreme Learning Machine ( DenseNet-
ELM) model were used to quickly detect the brewing age of ma-

ture vinegar. Two DenseNet models with different structures.
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ET-DenseNet and EN-DenseNet, were designed to extract the
feature information of the electronic tongue and electronic nose
signals respectively. And then the feature level information fusion
method was used to obtain the fusion feature vectors of the two
artificial sensory devices. Then Extreme Learning Machine
(ELM) was used to classify and recognize the fused feature vec-
tors. Results; DenseNet can effectively extract the deep features
of electronic tongue and electronic nose signals, and its feature
extraction ability was better than Discrete Wavelet Transform
(DWT) and Convolutional Neural Network (CNN); Compared
with the use of electronic tongue or electronic nose alone, the in-
formation fusion method had better accuracy and robustness for
the detection of mature vinegar of different years. The Accuracy,
Precision, Recall and Fl-score of the test set reach 99.1%, 0.98,
0.99 and 0.99, respectively. Conclusion: The dense convolution
network can alleviate the problems of model degradation and
weak generalization ability caused by the increase of depth of the
deep learning model, and can effectively classify seven kinds of
aged vinegar with different brewing years.
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Figure 1  Electronic tongue and electronic nose

system structure
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Table 1 Comparision of performance evaluation of different models

B ok 8 L7 R PERCIR: Fl-Score  FL47 38 L4 UEME 1 %/ %6
DWT-SVM 0.62 0.62 0.63 62.5
DWT-ELM 0.71 0.71 0.71 71.4
E_Nose
CNN 0.90 0.90 0.90 90.2
EN-DenseNet 0.94 0.93 0.93 93.4
DWT-SVM 0.89 0.90 0.90 89.4
DWT-ELM 0.90 0.90 0.91 90.8
E_Tongue
CNN 0.93 0.92 0.93 92.7
ET-DenseNet 0.96 0.95 0.95 95.2
DenseNet 0.97 0.98 0.97 97.3
Fusion
DenseNet-ELM 0.99 0.98 0.99 99.1
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