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Microhole detection of glass ampoule based on improved Googl.eNet

CAO Lin-Jie, REN De-Jun, REN Qiu-Lin, YAN Zong-Yi, LI Xin, TANG Hong
(School of Mechanic Engineering, Sichuan University, Chengdu 610065, China)

Abstract; In the field of glass ampoule packaging integrity detection, high voltage discharge method is
commonly used to detect micron-level leaky hole defects. In view of the existing methods, it is difficult to
find appropriate filtering mode, discrimination thresholds depend on manual design, and detection accu-
racy is low,a microhole detection method based on improved Googl.eNet is proposed. For the original
discharge current data, through the wavelet transform (WT),and using the generalized Morse wavelet
function (GMW) as the basic wavelet, transform the one-dimensional current time series into a two-di-
mensional time-frequency index graph to present the complete details of the data. On the basis of
Googl.eNet prototype, Relu activation function is introduced to reduce overfitting, the input convolution
is reduced to 1 layer,and then Inception module cutting at three different levels is carried out. Compara-
tive analysis shows that when only the first 6 Inception modules are used and the proportion of large-size
convolution kernels is increased for Inception(4D) , the model can also achieve a better effect of microhole
discrimination with fewer parameters. In the industrial computer of production site, the trained model
was used to replace the original algorithm,and 1000 positive and negative samples were tested. The re-

sults show that the accuracy of the algorithm is 99. 15%, and the positive sample missing rate is only

Wris HHA. 2021-12-13
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0. 8% ,which is better than the 96. 45% accuracy rate and 5. 3% missing rate of the existing method.

Keywords: Glass ampoule; High voltage leak detection; Time series classification; Googl.eNet;

Wavelet transform
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Fig. 1 The principle of high voltage discharge detection
(a) Schematic diagram; (b) equivalent circuit of intant bot-
tle; (¢) equivalent circuit of bad bottle
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Fig. 2 Glass ampoule samples
(a) The sample appearance; (b) microscopic image
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Fig. 3 Typical current waveform
(a) Waveform of intant bottle; (b) waveform of bad bottle
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Fig. 4 The filtered waveform of intant bottle
(a) Result of low-pass filtering; (b) result of mean filtering
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(a) Trainingaccuracy; (b) loss curve
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Tab. 3 Classification results of validation set
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